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Abstract: Summary The microbial world is notoriously elusive to direct observation. Microbes are ‘small
and many’, and studying them in a community context is a formidable challenge, both technically and
conceptually. Technical challenges have traditionally resided in resolution and throughput, but are ar-
guably being overcome by recent advances in sequencing technology. However, while detailed microbial
surveys are becoming available for many environments, technological bias remains an issue, as organisms
are being observed only indirectly, represented by sequences. Moreover, conceptually, a mere census is
little more than a ‘parts list’ of an environment and not necessarily informative of the ecological roles
of organisms, nor of their interactions. Even more pressing conceptual challenges reside in the lack of a
unifying bacterial species concept, and in the identification of meaningful microbial diversity units from
complex sequencing data. In practice, ‘true’ microbial lineages are often approximated by Operational
Taxonomic Units (OTUs), defined as clusters of sequence similarity with respect to a taxonomic marker
gene. Although OTUs are arguably ‘proxies for proxies of proxies’ (lineages are approximated as clusters
of marker gene sequences, which in turn represent organisms), they are an integral part of the contempo-
rary microbial ecology toolbox. The demarcation of ‘meaningful’ OTUs from complex sequencing datasets
remains an open problem. Many approaches to sequence clustering have been suggested, but in spite of no-
table attempts towards increased standardization, no universally applied one-fit-all method has emerged.
Rather, the choice of sequence clustering method introduces variability when analyzing microbial ecology
data. In this thesis, one main aim has been to quantify this variability introduced by the choice of OTU
demarcation method, and to assess the impact of method choice on downstream biological descriptions.
In a multidimensional approach, OTUs were demarcated from a global, comprehensive dataset of small
subunit (SSU) rRNA gene sequences according to different widely employed clustering methods, and un-
der varying clustering parameters. The analyses revealed surprising trends in the similarity of partitions
in terms of cluster composition, as well as in the robustness of methods to changing parameters. The
presented results pertain to the reproducibility of biological findings in microbial ecology: they explore
how robust OTU-based analyses are to the choice of experimental approach. In a complementary analy-
sis, it was investigated how well impartially clustered OTUs approximate ‘true’ microbial lineages. One
frequently cited criterion for ‘good’ (i.e., theory-compliant) units of microbial diversity is ecological con-
sistency. The general ecological consistency of OTUs was assessed based on curated contextual sequence
annotations. It was found that OTUs are indeed generally, though not perfectly, ecologically consistent,
at least at the studied ecological resolution. However, there were marked differences in ecological consis-
tency between different widely used methods. As ecological similarity is generally correlated with SSU
sequence similarity, and as ecological homogeneity is a criterion for ‘true’ microbial lineages, the observed
differences in OTU ecological consistency were interpreted in terms of clustering quality. The findings
presented in this thesis may inform the design of microbial ecology studies, and recommendations on
the choice of clustering method are provided. Moreover, the presented findings are potentially relevant
beyond microbial ecology, in particular to the fields of microbial taxonomy and systematics. As the study
of microbial communities advances, analyses such as presented in this thesis will be integral to provid-
ing robust, reproducible and consistent approaches to the computational analysis of complex sequencing
data. Zusammenfassung Die Welt der Mikroorganismen entzieht sich der unmittelbaren Beobachtung.
Mikroben sind ‘klein und zahlreich’ – sie im Kontext von Lebensgemeinschaften zu untersuchen ist eine
technische und konzeptionelle Herausforderung. Technische Herausforderungen stellten traditionell Auflö-
sung und Durchsatz dar; jedoch scheinen diese durch jüngste Fortschritte der Sequenzierungstechnologie
grösstenteils überwunden. Nichtsdestotrotz bedingt die indirekte Beobachtung von Mikroorganismen
– welche durch spezifische Sequenzen lediglich repräsentiert werden – weiterhin technologieimmanente
Bias. Des Weiteren entspricht selbst ein umfassender Zensus mikrobiellen Lebens in einem bestimmten
Mikrobiom letztlich nur einer ‘Liste von Bestandteilen’ mit begrenzter Aussagekraft bezüglich ökologis-
cher Zusammenhänge. Wesentlich dringlichere konzeptionelle Hürden stellen zudem der Mangel eines
einheitlichen theoretischen Unterbaus für bakterielle Spezies-Konzepte, sowie die sinnvolle Unterteilung
komplexer Sequenzdatensätze in elementare Diversitätseinheiten dar. In der Praxis werden mikrobielle
Spezies häufig durch Operational Taxonomic Units (OTUs, etwa: ‘operationelle Taxonomieeinheiten’)
angenähert, definiert als Gruppen (‘Cluster’) von Markergen- Sequenzen mit hoher Ähnlichkeit. Obwohl
OTUs unbestreitbar ‘stellvertretende Stellvertreter von Stellvertretern’ sind (Spezies werden als Clus-
ter von Markergen-Sequenzen angenähert, die wiederum stellvertretend für Organismen stehen), sind
sie unverzichtbar im Arsenal zeitgenössischer Methoden der mikrobiellen Ökologie. Die Unterteilung
komplexer Sequenzdatensätze in ‘sinnvolle’ OTUs ist dabei ein ungelöstes Problem. Viele Ansätze ex-
istieren, jedoch ist trotz grosser Anstrengungen hinsichtlich stärkerer Standardisierung keine einzelne
Methode als universell anwendbar und sinnvoll etabliert. Stattdessen bedingen unterschiedliche Ansätze
eine erhöhte Variabilität in der Analyse ökologischer Datensätze. Ein Hauptaugenmerk der vorliegen-
den Dissertation liegt auf der Quantifizierung dieser Flexibilität, die durch die Wahl unterschiedlicher
OTU-Definitionen erzeugt wird, sowie auf deren Einfluss auf nachfolgende biologische Analysen. In
einem mehrdimensionalen Ansatz wurde ein globaler Datensatz von small subunit (SSU) ribosomalen
RNA-Gensequenzen in OTUs unterteilt, gemäss einiger weit verbreiteter OTU-Definitionen und unter
wechselnden Parametern. Mehrere überraschende Beobachtungen bezüglich Ähnlichkeit von OTU-Sets
zwischen Methoden, sowie bezüglich der Anfälligkeit von Clustering gegenüber Parametervariation wer-
den beschrieben. Die diskutierten Ergebnisse betreffen insbesondere die Reproduzierbarkeit biologischer
Erkenntnisse in der mikrobiellen Ökologie: sie erkunden, wie robust OTU-basierte Analysen gegenüber
unterschiedlichen experimentellen Zugängen sind. In einem komplementären Ansatz wurde zudem un-
tersucht, wie gut OTUs ‘tatsächliche’ mikrobielle Spezies anzunähern vermögen. Ein häufig erwähntes
Kriterium für ‘gute’ (im Sinne von, ‘theorie-konforme’) Diversitätseinheiten ist ökologische Konsistenz.
Diese wurde mithilfe von kuratierten Sequenz-Metadaten für OTUs bestimmt. Es konnte gezeigt wer-
den, dass OTUs in der gewählten ökologischen Auflösung generell, jedoch nicht vollkommen, ökologisch
konsistent sind. Es wurden jedoch deutliche Unterschiede zwischen verschiedenen Methoden beobachtet.
Da ökologische und SSU-Sequenz-Ähnlichkeit korrelieren, und da ökologische Homogenität ein Merkmal
‘tatsächlicher’ mikrobieller Spezies ist, lassen sich die beobachteten Unterschiede in der ökologischen
Konsistenz als Qualitätsunterschiede interpretieren. Die in dieser Dissertation präsentierten Ergebnisse
tragen zur informierten Planung und Durchführung von Experimenten in der mikrobiellen Ökologie bei,
betreffen darüber hinaus aber auch die mikrobielle Taxonomie und Systematik. Mit zunehmendem tech-
nologischen Fortschritt in der Untersuchung mikrobieller Lebensgemeinschaften können Ansätze wie der
hier präsentierte zur Entwicklung robuster, reproduzierbarer und konsistenter Ansätze zur Analyse kom-
plexer Sequenzdatensätze beitragen.
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The microbial world is notoriously elusive to direct observation. Microbes are ‘small and many’, and studying 
them in a community context is a formidable challenge, both technically and conceptually. Technical challenges 
have traditionally resided in resolution and throughput, but are arguably being overcome by recent advances in 
sequencing technology. However, while detailed microbial surveys are becoming available for many 
environments, technological bias remains an issue, as organisms are being observed only indirectly, represented 
by sequences. Moreover, conceptually, a mere census is little more than a ‘parts list’ of an environment and not 
necessarily informative of the ecological roles of organisms, nor of their interactions. Even more pressing 
conceptual challenges reside in the lack of a unifying bacterial species concept, and in the identification of 
meaningful microbial diversity units from complex sequencing data. In practice, ‘true’ microbial lineages are often 
approximated by Operational Taxonomic Units (OTUs), defined as clusters of sequence similarity with respect to 
a taxonomic marker gene. Although OTUs are arguably ‘proxies for proxies of proxies’ (lineages are approximated 
as clusters of marker gene sequences, which in turn represent organisms), they are an integral part of the 
contemporary microbial ecology toolbox.
The demarcation of ‘meaningful’ OTUs from complex sequencing datasets remains an open problem. Many 
approaches to sequence clustering have been suggested, but in spite of notable attempts towards increased 
standardization, no universally applied one-fit-all method has emerged. Rather, the choice of sequence clustering 
method introduces variability when analyzing microbial ecology data. In this thesis, one main aim has been to 
quantify this variability introduced by the choice of OTU demarcation method, and to assess the impact of 
method choice on downstream biological descriptions. In a multidimensional approach, OTUs were demarcated 
from a global, comprehensive dataset of small subunit (SSU) rRNA gene sequences according to different 
widely employed clustering methods, and under varying clustering parameters. The analyses revealed surprising 
trends in the similarity of partitions in terms of cluster composition, as well as in the robustness of methods to 
changing parameters. The presented results pertain to the reproducibility of biological findings in microbial 
ecology: they explore how robust OTU-based analyses are to the choice of experimental approach.
In a complementary analysis, it was investigated how well impartially clustered OTUs approximate ‘true’ 
microbial lineages. One frequently cited criterion for ‘good’ (i.e., theory-compliant) units of microbial diversity is 
ecological consistency. The general ecological consistency of OTUs was assessed based on curated contextual 
sequence annotations. It was found that OTUs are indeed generally, though not perfectly, ecologically 
consistent, at least at the studied ecological resolution. However, there were marked differences in ecological 
consistency between different widely used methods. As ecological similarity is generally correlated with SSU 
sequence similarity, and as ecological homogeneity is a criterion for ‘true’ microbial lineages, the observed 
differences in OTU ecological consistency were interpreted in terms of clustering quality.
The findings presented in this thesis may inform the design of microbial ecology studies, and recommendations 
on the choice of clustering method are provided. Moreover, the presented findings are potentially relevant 
beyond microbial ecology, in particular to the fields of microbial taxonomy and systematics. As the study of 
microbial communities advances, analyses such as presented in this thesis will be integral to providing robust, 




Die Welt der Mikroorganismen entzieht sich der unmittelbaren Beobachtung. Mikroben sind ‘klein und zahlreich’ 
– sie im Kontext von Lebensgemeinschaften zu untersuchen ist eine technische und konzeptionelle 
Herausforderung. Technische Herausforderungen stellten traditionell Auflösung und Durchsatz dar ; jedoch 
scheinen diese durch jüngste Fortschritte der Sequenzierungstechnologie grösstenteils überwunden. 
Nichtsdestotrotz bedingt die indirekte Beobachtung von Mikroorganismen – welche durch spezifische 
Sequenzen lediglich repräsentiert werden – weiterhin technologieimmanente Bias. Des Weiteren entspricht 
selbst ein umfassender Zensus mikrobiellen Lebens in einem bestimmten Mikrobiom letztlich nur einer ‘Liste 
von Bestandteilen’ mit begrenzter Aussagekraft bezüglich ökologischer Zusammenhänge. Wesentlich 
dringlichere konzeptionelle Hürden stellen zudem der Mangel eines einheitlichen theoretischen Unterbaus für 
bakterielle Spezies-Konzepte, sowie die sinnvolle Unterteilung komplexer Sequenzdatensätze in elementare 
Diversitätseinheiten dar. In der Praxis werden mikrobielle Spezies häufig durch Operational Taxonomic Units 
(OTUs, etwa: ‘operationelle Taxonomieeinheiten’) angenähert, definiert als Gruppen (‘Cluster’) von Markergen-
Sequenzen mit hoher Ähnlichkeit. Obwohl OTUs unbestreitbar ‘stellvertretende Stellvertreter von Stellvertretern’ 
sind (Spezies werden als Cluster von Markergen-Sequenzen angenähert, die wiederum stellvertretend für 
Organismen stehen), sind sie unverzichtbar im Arsenal zeitgenössischer Methoden der mikrobiellen Ökologie.
Die Unterteilung komplexer Sequenzdatensätze in ‘sinnvolle’ OTUs ist dabei ein ungelöstes Problem. Viele 
Ansätze existieren, jedoch ist trotz grosser Anstrengungen hinsichtlich stärkerer Standardisierung keine einzelne 
Methode als universell anwendbar und sinnvoll etabliert. Stattdessen bedingen unterschiedliche Ansätze eine 
erhöhte Variabilität in der Analyse ökologischer Datensätze. Ein Hauptaugenmerk der vorliegenden Dissertation 
liegt auf der Quantifizierung dieser Flexibilität, die durch die Wahl unterschiedlicher OTU-Definitionen erzeugt 
wird, sowie auf deren Einfluss auf nachfolgende biologische Analysen. In einem mehrdimensionalen Ansatz 
wurde ein globaler Datensatz von small subunit (SSU) ribosomalen RNA-Gensequenzen in OTUs unterteilt, 
gemäss einiger weit verbreiteter OTU-Definitionen und unter wechselnden Parametern. Mehrere 
überraschende Beobachtungen bezüglich Ähnlichkeit von OTU-Sets zwischen Methoden, sowie bezüglich der 
Anfälligkeit von Clustering gegenüber Parametervariation werden beschrieben. Die diskutierten Ergebnisse 
betreffen insbesondere die Reproduzierbarkeit biologischer Erkenntnisse in der mikrobiellen Ökologie: sie 
erkunden, wie robust OTU-basierte Analysen gegenüber unterschiedlichen experimentellen Zugängen sind.
In einem komplementären Ansatz wurde zudem untersucht, wie gut OTUs ‘tatsächliche’ mikrobielle Spezies 
anzunähern vermögen. Ein häufig erwähntes Kriterium für ‘gute’ (im Sinne von, ‘theorie-konforme’) 
Diversitätseinheiten ist ökologische Konsistenz. Diese wurde mithilfe von kuratierten Sequenz-Metadaten für 
OTUs bestimmt. Es konnte gezeigt werden, dass OTUs in der gewählten ökologischen Auflösung generell, 
jedoch nicht vollkommen, ökologisch konsistent sind. Es wurden jedoch deutliche Unterschiede zwischen 
verschiedenen Methoden beobachtet. Da ökologische und SSU-Sequenz-Ähnlichkeit korrelieren, und da 
ökologische Homogenität ein Merkmal ‘tatsächlicher’ mikrobieller Spezies ist, lassen sich die beobachteten 
Unterschiede in der ökologischen Konsistenz als Qualitätsunterschiede interpretieren. 
Die in dieser Dissertation präsentierten Ergebnisse tragen zur informierten Planung und Durchführung von 
Experimenten in der mikrobiellen Ökologie bei, betreffen darüber hinaus aber auch die mikrobielle Taxonomie 
und Systematik. Mit zunehmendem technologischen Fortschritt in der Untersuchung mikrobieller 
Lebensgemeinschaften können Ansätze wie der hier präsentierte zur Entwicklung robuster, reproduzierbarer 




3.1 The small subunit rRNA gene in studies of microbial ecology
Since its introduction as a phylogenetic marker in the late 1970ies [1,2], the small subunit ribosomal RNA (SSU 
rRNA) gene has become a cornerstone of modern microbiology. Functionally, the SSU rRNA molecule is an 
essential component of the ribosome: it scaffolds ribosomal proteins, contains the Shine-Dalgarno sequence [3] 
and stabilizes codon-anticodon binding during translation [4]. These functions are conveyed by an intricate 
folding of the ~1,500nt long molecule into a characteristic secondary and tertiary structure, where regions of 
specific base-pairing (hairpin loops) alternate with less structurally defined segments (Figure 3.1). This close 
coupling of SSU structure to ribosome function puts potent and site-specific constraints on the gene’s 
evolution: nine ‘hypervariable’ regions alternate with more conserved segments [5]. Nevertheless, given that 
ribosome function has been conserved for at least 3.8 billion years, it has been argued that the SSU rRNA gene 
evolves overall uniformly: it is subject to a largely unchanged selection regime, one of the reasons why it has 
been considered an ‘Ultimate Molecular Chronometer’ [6]. In this view, SSU divergence is seen as an indicator 
of phylogenetic relationships, because it reduces the ‘noise’ of any evolutionary processes that may go beyond 
mere sequence divergence over time, such as e.g. changing selective pressures leading to adaptive evolution of 
specific genome parts. Although various doubts have been raised regarding the utility of the SSU gene for 
reconstructing phylogenies [7,8], it remains the most widely used marker gene in studies of prokaryotic 
taxonomy and phylogeny on various scales [9-11].
At the same time, SSU rRNA-based approaches have revolutionized the research field of microbial ecology. By 
definition, microbial ecology is the study of microbes in context of their biotic and abiotic environment. For 
this, microbial ecologists had traditionally relied on direct observation, either by microscopy or from enrichment 
cultures (as pioneered by Beijerink, [12]), as well as on more indirect, biochemical evidence (e.g., in 
Winogradsky’s classical column gradient experiment [13]). However, with the rise of molecular biology, marker 
gene-based approaches – in particular those relying on the SSU rRNA gene – have drastically changed 
experimental approaches to microbial ecology problems. In this regard, marker gene sequences sampled from 
an environment of interest serve as proxies for the underlying community of organisms, such that community-
level ecological parameters (e.g., measures of diversity) can readily be deduced.
3.1.1 Four main assets of SSU-based approaches to microbial ecology
But what makes SSU sequencing so particularly attractive to microbial ecologists? There are arguably four main 
answers to this question, although indeed not all of them are specific to the SSU gene. First, SSU-based 
approaches are cultivation-independent. In 1985, Lane et al first described a protocol to sequence SSU rRNA 
without prior isolation and cloning of the gene, thus side-stepping the need to cultivate microorganisms in 
order to study them [14]. While the isolation and cultivation of (uncharacterized) microbes in the laboratory 
remains cumbersome and often impossible, it also introduces a biased perspective on microbial communities: 
‘cultivability’ does not necessarily correlate with abundance in a community [15,16]. For example, while 
Escherichia coli is readily cultivable, it constitutes less than 0.1% of the healthy human gut microbiome, together 
with other facultative anaerobes [17]. The cultivation-independent study of (microbial) diversity by direct 
sequencing of environmental samples circumvents such problems; it is generally referred to as metagenomics 
[18-20].
Second, the SSU rRNA gene is comparatively well-studied: it is a cornerstone of microbial taxonomy and 
systematics, as detailed above. In 1994, Stackebrandt & Goebel [10] first introduced a SSU sequence similarity 
signal into bacterial species definitions: they observed that organisms from the same bacterial ‘species’, as 
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defined based on DNA-DNA hybridization kinetics [21], shared ≥97% SSU sequence similarity. Indeed, since 
2002, official descriptions of new bacterial or archaeal taxa “should include an almost complete 16S rDNA 
sequence” [22]. Generally, although the definition of ‘true’ microbial lineages based on SSU data remains an 
open problem [9], a dependable SSU-based taxonomic framework is available, allowing to map uncultured 
diversity onto a taxonomic namespace (e.g., [23]). Moreover, there is an equally rich theoretical framework: as 
many approaches to phylogeny reconstruction have traditionally relied on SSU data [6,24,25], comprehensive 
SSU-based reference phylogenies are available, as are methods for reconstructing phylogenies directly from 
(environmental) SSU sequence data.
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Third, SSU sequence data is abundant in dedicated repositories. In 1992, Woese and coworkers first introduced 
the Ribosomal Database Project (RDP) which provides a collection of available rRNA gene sequences, as well as 
reference alignments and phylogenies [26,27]. Other databases, such as Greengenes [28] and SILVA [23,29] have 
since provided complementary sequence collections. As of March 2014, RDP*  contains 2,929,433 SSU rRNA 
sequences, Greengenes†  holds 1,262,986 SSU sequences and SILVA‡  lists 4,058,383 sequences. All three 
repositories cover broad phylogenetic ranges and provide reference alignments, taxonomies and phylogenies, as 
well as additional tools for SSU-based studies. Thus, they provide rich context and valuable references when 
analyzing SSU datasets.
Fourth, advances in sequencing technology have enabled the study of individual environments at very high 
resolutions. Sequencing platforms such as the Roche 454 [30] or Illumina [31] systems may provide millions of 
reads for an individual sample, although such high throughput comes at the cost of shorter read lengths and 
higher error rates when compared to ‘traditional’ Sanger sequencing [31,32]. For SSU-based approaches, these 
limitations have in part been overcome by (i) the design of dedicated primers which specifically target one or 
more hypervariable SSU subregions, and (ii) by the introduction of stringent sequencing noise filters (see 
section 3.2.2). In consequence, the microbial diversity in several environments has been studied to great 
depths: the human microbiome project (HMP) alone provided almost 50 million SSU reads from subregions V13 
and V35 [34], and the earth microbiome project§ [35] lists almost 1.9 billion SSU reads as of March 2014.
Thus, high-resolution SSU-based studies of microbial communities are technically attainable (due to advances in 
cultivation-independent sequencing protocols) and potentially highly informative (due to a rich taxonomic and 
phylogenetic background and large reference databases). While the microbial world has traditionally been 
elusive to direct observation, targeted metagenomics has provided insights into microbial community 
composition and dynamics of diverse environments, at various levels.
3.1.2 Major challenges to SSU-based approaches in microbial ecology, and how they may be alleviated by 
sequence clustering
At the same time, there remain several challenges to SSU-based approaches in microbial ecology. First, although 
cultivation-independent techniques reduce sampling bias, they do not altogether eliminate it. For example, PCR 
primers used for targeted amplification of (partial) SSU sequences from isolated DNA are often specific to 
certain taxa of interest, but even general-purpose primers may show (slight) binding preferences. As such minor 
differences are amplified during PCR cycles, they may drastically distort observed abundance patterns [36,37].
Second, PCR amplification may also introduce another type of artifacts, known as chimeric sequences. Formed 
by ‘template-switching’ of the DNA polymerase during amplification, PCR chimeras are artificial sequences 
composed of segments from two or more parental molecules that were present in the original sample. Several 
studies have quantified the penetrance of PCR chimeras in targeted sequencing datasets, but absolute estimates 







abundant in many datasets and in consequence, dedicated chimera filtering methods have been developed 
(e.g., [40,41], see section 3.2.3).
Third, increased sequencing throughput comes at the cost of higher levels of sequencing noise. Although per-
base errors for different sequencing technologies are in the low (sub-)percent range [42-45], the introduced 
artifacts are potentially detrimental for SSU-based analyses that rely on individual nucleotide differences to 
achieve fine-scale taxonomic resolution. The impact of sequencing noise may to some extent be alleviated by 
increased coverage and through dedicated ‘de-noising’ algorithms (e.g., [46,47]), but erroneous base calling 
remains a problem in targeted sequencing approaches [48]. Moreover, the choice of sequencing technology 
introduces other sources of platform-specific bias [49].
Fourth, high-throughput sequencing also imposes limitations on read length: current generation sequencing 
platforms may provide maximum read lengths of ~800-1,000nt, but in most use cases, attainable lengths are 
≤200nt (Illumina) to ≤600nt (Roche 454) in practice. Thus, as the SSU gene spans ~1,500nt in total, current 
platforms do not allow sequencing of the full-length molecule. Rather, sequencing effort is usually targeted to 
selected hypervariable SSU subregions; for example, the human microbiome project targeted subregions V1-V3 
and V3-V5 in complementary sequencing protocols [34]. One obvious drawback of shorter reads is information 
sparsity: compared to the full-length molecule, they provide a lower information content (number of 
nucleotides) and thus potentially lower resolution. Moreover, different hypervariable regions evolve at different 
rates [5], and findings based on different SSU subregions are often not trivially portable [50].
Finally, there remain important challenges regarding the downstream computational analysis of complex SSU 
sequencing datasets. From a technical point of view, the mere quantity of data is overwhelming: individual 
sequencing runs may provide millions of reads. In 2009, Grice et al [51] published a dataset of ~120,000 full-
length 16S sequences sampled from different human skin sites; at the time, this was one of the largest 
environmental Sanger sequencing datasets available. Only three years later, in June 2012, the human microbiome 
project dataset was published, comprising almost 50 million Roche 454-sequenced 16S reads, sampled in a 
large, long-term collaborative effort [34]. As of March 2014, the earth microbiome project lists individual studies 
with tens of millions of Illumina-sequenced reads. In other words, sequencing technology is outpacing Moore’s 
law (see Figure 3.2; [52]), and computer power has struggled to keep up.
Figure 3.2: DNA sequencing outpaces 
Moore’s law. The plot shows the evolution 
of per-megabase sequencing cost, but 
trends for the evolution of throughput 
per experiment are proportional.  Image 
from [52], http://www.genome.gov/




Sequence clustering is one approach to conquer such datasets of increasing size computationally. Clustering by 
sequence similarity may minimize dataset redundancy [49], control for sequencing noise [53] and reduce 
dataset complexity to computationally accessible scales for downstream analyses. Moreover, as marker gene 
similarity indicates phylogenetic relatedness, clusters of SSU sequence similarity indeed carry biological meaning 
– they correspond to groups of closely related organisms. In practice, such similarity clusters may thus 
approximate microbial taxa at different levels; they are often referred to as Operational Taxonomic Units (OTUs).
The use of OTUs may therefore alleviate certain problems associated with SSU-based studies of microbial 
communities – both regarding technical difficulties (by reducing dataset complexity) and conceptual challenges 
(by approximating clusters of phylogenetic relatedness). However, OTU demarcation in its own right is also 
associated with a set of open questions. Many approaches to OTU binning have been employed, implementing 
different assumptions on the fundamental organization of microbial diversity, but a biologically ‘optimal’ OTU 
definition has remained elusive. Moreover, many parameter choices are available at different steps during OTU 
demarcation pipelines, but their impact on clustering variability and reproducibility is often not well understood. 
Likewise, although marker gene similarity carries a signal of phylogenetic relatedness, the degree to which OTUs 
represent ‘true’ microbial taxa is a matter of controversial debate. The work presented in this thesis revolves 
around these and other conceptual challenges associated with OTU demarcation.
3.2 Demarcating Operational Taxonomic Units to conquer complex sequencing datasets
The concept of OTUs was originally introduced by Sneath & Sokal in the 1960ies, in the context of numerical 
taxonomy [54]. By ‘Operational Taxonomic Unit’, Sneath and Sokal generally referred to a group of entities being 
studied, corresponding to individuals, species, genera, etc depending on the chosen resolution. The definition of 
‘OTUs’ in context of microbial ecology is more specific: they are proxies for microbial taxa, demarcated based 
on marker gene similarity [55]. Taxonomic resolution depends on the choice of sequence similarity threshold 
when defining OTUs: the most widely adopted threshold is arguably ≥97% SSU sequence similarity, which 
corresponds to a traditional ‘species-level’ cutoff [10,56]. Indeed, several authors have used the term ‘OTU’ as 
synonymous surrogate for microbial ‘species’ [55].
3.2.1 Phylotyping, reference-based OTU binning and de novo OTU demarcation
There are two general approaches to partitioning complex SSU sequencing datasets; the supposed main 
distinction is the degree to which they infer additional biological information to the system under study via an 
explicit taxonomic mapping of sampled SSU sequences [57,58]. In taxonomy-dependent (or ‘phylotyping’) 
approaches, SSU sequences are identified with close representatives from taxonomically annotated databases, 
e.g. using dedicated tools such as the RDP Classifier [59]. Such studies profit from a potentially rich biological 
context for the SSU data at hand: taxonomic names carry biological meaning both semantically (many taxa 
designations are indicative of phenotypic or ecological properties) and historically (they will mean something to 
other researchers in the field). However, labeling strongly depends on the coverage and annotation quality of 
the reference taxonomy used, and many microbial taxa remain poorly studied [16] or underrepresented in 
public repositories due to biased sampling efforts [49].
Alternatively, in taxonomy-independent approaches, sequences are binned into OTUs, either by de novo 
clustering, or by reference-based OTU picking. In the latter case, sequences are mapped to a set of reference 
OTUs, usually clustered from global, comprehensive databases as provided e.g. by RDP [27], Greengenes [28] or 
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SILVA [23]. In consequence, reference-based OTU binning potentially enhances portability of findings across 
studies, if common sets of reference OTUs are used. However, similarly to phylotyping, reference-based 
approaches heavily depend on the quality of the reference that is used. In contrast, de novo OTU demarcation 
does not invest prior knowledge: sequences are clustered impartially, based on dataset-internal signals alone. 
However, this potentially increases sensitivity to sequencing errors and other artifacts, such as chimeric 
sequences. The work presented in this thesis focuses mainly on de novo OTU clustering which is arguably more 
widely adopted than phylotyping and reference-based OTU binning.
In general, established protocols for the de novo demarcation of OTUs from complex SSU sequencing datasets 
follow five conceptual steps: raw sequences are (i) filtered to remove sequencing noise and (ii) chimeric reads, 
and subsequently (iii) aligned; from the alignment, (iv) sequence distances are computed and used to (v) cluster 
reads into OTUs. At each step, a choice of different methods is available, but there have been great efforts to 
standardize analysis workflows: dedicated ‘one-stop’ pipelines such as mothur [60] or QIIME [61] provide 
wrapper scripts and informed defaults for existing software tools. Nevertheless, as the choice between different 
tools is largely left to each researcher’s arbitration, there is significant methodological variability between 
published SSU-based analyses. In the next sections, common options at each step are highlighted, with a clear 
focus on the different proposed approaches to sequence clustering.
3.2.2 Filtering sequencing noise
Different sequencing platforms introduce characteristic types of sequencing noise, due to distinctive 
technological and chemical constraints, and noise profiles differ in PCR-based targeted sequencing versus whole 
genome sequencing approaches [48]. Traditional Sanger sequencing is considered largely ‘noise-free’, at 
estimated per-base error rates of ~10-5 [62]. The Roche 454 platform is prone to erroneous base-calling for 
(long) homopolymers, resulting in artificial insertions or deletions [42,63]. In 2009, Quince et al introduced 
PyroNoise, an algorithm that corrects for such errors by pre-clustering the raw light intensity flowgrams prior to 
base calling [46]. One year later, Reeder & Knight introduced Denoiser, which relies on the same principle, but 
significantly reduces computational effort by pre-filtering flowgrams based on abundance distributions [64]. In 
2011, Quince et al introduced AmpliconNoise, an update of PyroNoise which combines fast alignment-free 
flowgram clustering with a sequence pre-clustering step [47]. As of March 2014, AmpliconNoise and Denoiser 
are the most widely adopted denoising algorithms for Roche 454 pyrosequencing datasets; they are also the 
default choices in QIIME [61].
Illumina sequencing produces largely unspecific sequencing errors, but provides per-base read quality scores 
(‘Phred scores’, [62]) on which most noise filtering approaches rely. In 2012, Bokulich et al proposed an 
approach which is now widely adopted in Illumina-based SSU sequencing: they filtered reads by per-base quality 
scores, truncating reads at positions of marked drops in read quality [48].
In addition, platform-independent noise filtering approaches based on sequence pre-clustering have been 
proposed, e.g. by Huse et al, 2010 [53]. An in-depth discussion of sequencing noise filtering exceeds the scope 
of this thesis; comparative benchmarks of available methods have been provided e.g. by Schloss et al, 2011 [65] 
and Bonder et al, 2012 [66].
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3.2.3 Removal of chimeric sequences
PCR chimeras are artificial sequences generated by template-switching of the DNA polymerase during PCR 
amplification (see section 3.1.2). Several methods to remove chimeric reads from sequencing datasets have 
been proposed, including Bellerophon [67], Pintail [39], Ccode [68], Perseus [47], Uchime [41] and ChimeraSlayer 
[40]. More recently, Edgar (2013) introduced uparse which combines sequence clustering with on-the-fly 
filtering for chimeric sequences based on abundance patterns [69]. As of March 2014, ChimeraSlayer is the 
default chimera detection method in QIIME, while mothur relies on Uchime. Comparative benchmarks of 
selected chimera detection methods can be found in [65] and [66].
3.2.4 Sequence alignment and distance calculation
Two main approaches to sequence alignment have been advocated for OTU demarcation approaches: pairwise 
sequence alignment (PSA), which optimizes alignments for pairs of sequences, and multiple sequence alignment 
(MSA), which optimizes alignments for entire sequence sets. The most widely used PSA algorithm was 
proposed by Needleman & Wunsch in 1970 [70]; it is based on dynamic programming, computationally efficient 
and trivially parallelizable [71]. Software tools such as ESPRIT and ESPRIT-Tree rely on the Needleman-Wunsch 
algorithm [71,72], which the authors of these tools have motivated in several comparative studies [58,73].
In contrast, MSA is computationally more demanding, in particular for large datasets – optimal MSA is a NP-
complete problem [74-76] – but it incorporates dataset-wide information on sequence homology [58]. 
Although several computationally efficient MSA implementations such as MUSCLE [77,78] or MAFFT [79] are 
available, SSU sequencing dataset scopes are usually prohibitive of full MSA. Rather, many approaches rely on 
(curated) reference alignments, provided e.g. by RDP, Greengenes and SILVA, to which query sequences are 
aligned individually [60]. More recently, model-based MSA approaches have received increasing attention. In 
2009, Nawrocki et al introduced Infernal, which aligns SSU sequences to curated covariance profiles of the SSU 
rRNA molecule that include secondary structure information [80,81]. Thus, Infernal provides structure-informed 
pseudo-MSA in a many-to-one approach (alignment to a common reference model) which is trivially 
parallelizable. As of March 2014, it is the default method implemented in mothur [60] and by RDP [27].
Once an alignment is achieved, many options are available to calculate pairwise sequence distances. Generally, 
sequence distance is the number of differences between two sequences divided by the entire alignment length 
(number of alignment columns). However, ‘mismatches’ may be defined differently, in particular in the treatment 
of alignment gaps, and specific substitution models may incorporate assumptions on sequence evolution into 
distance calculation. Three frequently used distance calculators are the ‘one gap’ (gaps of any length counted as 
one mismatch), ‘each gap’ (each gap position counted as mismatch) and ‘no gap’ (alignment gaps ignored) 
calculators [50]. An in-depth discussion of alignment methods and distance calculation exceeds the scope of 




A plethora of methods for the de novo demarcation of OTUs has been proposed; Table 3.1 provides a non-
exhaustive overview. Conceptually, available approaches fall into five general categories: (i) hierarchical clustering 
algorithms (HCAs), (ii) hierarchical clustering with heuristic pre-partitioning (hybrid methods), (iii) greedy 
incremental or seed-based heuristic HCA approximations, (iv) soft-threshold or threshold-free recursive partition 
optimization methods and (v) algorithms relying on additional signals, other than mere sequence similarity. 
Clearly, these categories are neither rigid nor exclusive, and several available tools may fall into overlapping 
classes.
3.2.5.1 Hierarchical clustering algorithms
The most ‘classical’ approach to sequence clustering, adopted also in other disciplines of biology and beyond, 
are hierarchical clustering algorithms. Based on a full matrix of pairwise sequence distances, HCAs incrementally 
merge individual nodes (sequences) into clusters, starting with the most similar ones. While clustering to 0% 
similarity (the so-called singleton partition) and 100% similarity (filtering for unique sequences) is trivial, different 
linkage methods are available at non-trivial clustering thresholds. A linkage method is the set of rules according 
to which data is incrementally partitioned, and different linkage methods impose conceptually distinct clustering 
regimes.
The three most widely used linkage methods in de novo OTU demarcation are complete, single and average 
linkage (see Figure 3.3, top panel). During complete linkage (cl, or furthest neighbor) clustering, two clusters are 
merged if all pairwise similarities between cluster members are above the current similarity threshold. Thus, cl 
imposes an exclusive clustering regime: in the resulting partition, all pairwise similarities within clusters are 
guaranteed to be above the chosen threshold, but pairs of sequences sharing above-threshold similarity do not 
necessarily cluster together, depending on the succession of merging events. In other words, cl prevents false 
positive merges (sequence pairs of below-threshold similarity within the same cluster), but not false negatives 
(above-threshold pairs in different clusters).
In contrast, single linkage (sl, or nearest neighbor) is inclusive: two clusters are merged if any two members share 
above-threshold similarity. Thus, sl guarantees that every sequence pair of above-threshold similarity is clustered 
together (false negatives are prevented), but within clusters, pairwise similarities may be below-threshold (false 
positives may occur if two dissimilar sequences are connected by a ‘chain’ of sequence pairs sharing above-
threshold similarity). Moreover, sl clustering is virtually deterministic: the resulting partition at a given clustering 
threshold is fully independent of the order in which sequences are processed.
Finally, average linkage (al, or average neighbor, or Unweighted Pair Group Method with Arithmetic Mean, UPGMA) 
provides a middle ground between the two: clusters are merged if the average similarity of all members is 
above-threshold. Thus, al neither guarantees that all sequence pairs of above-threshold similarity are merged (as 
in sl), nor that all cluster-internal similarities are above-threshold (as in cl). However, due to the regime of 
average similarity, it has been argued that al is more robust to both false positives and false negatives than cl and 
sl [57].
In 2005, Schloss et al introduced the DOTUR suite of software tools which provided the first HCA 
implementation for OTU demarcation purposes [56]. The mothur**  suite, published in 2009 [60], provided an 




as of March 2014, Thompson Reuters’ Web of Science service†† lists 1,422 and 1,614 studies citing DOTUR and 
mothur, respectively. However, both DOTUR and mothur do not scale well with dataset size: they require the full 
sequence distance matrix – which scales quadratically with the number of sequences – to be loaded in 
memory (DOTUR) or to be read on-the-fly from the hard disk (mothur). More recently, João F Matias Rodrigues 
in our group developed hpc-clust, a fully parallelizable HCA implementation which overcomes these limitations 
[85]. Hpc-clust distributes the sequence distance calculation to an arbitrary number of compute nodes in a 
computer cluster or multicore computer, where distances are locally sorted and sent to a ‘master’ node only at 
the time of clustering. Depending on dataset complexity, hpc-clust enables clustering of millions of (unique) 
sequences on a medium-sized computer cluster within a few hours wall time.
3.2.5.2 Hybrid heuristic / hierarchical algorithms
Another approach to scale HCAs to very large sequence sets is heuristic pre-filtering of sequence distances. 
Probably the first algorithm adopting such an approach was ESPRIT, introduced by Sun, Cai et al in 2009 [71]. 
Based on the observation that for many real-world datasets, only 1-5% of pairwise sequence similarities are in a 
range that is relevant to most microbial ecology applications (i.e., 90-100% sequence similarity), ESPRIT imple-
Figure 3.3: Overview of the six clustering methods studied in this thesis. Hierarchical clustering methods (top) rely on full sequence 
distance matrices, while heuristic methods (bottom) provide computationally efficient shortcuts,  by implementing greedy seed-
based clustering strategies.
UPARSEUCLUSTCD-HIT




ments a fast k-mer counting-based exploration of the sequence distance space, filtering for ‘relevant’ pairwise 
distances to be calculated from full pairwise alignments. Subsequently, cl hierarchical clustering is performed 
based on this ‘relevant’ sequence subspace. In 2011, Cai & Sun introduced ESPRIT-Tree, which provided several 
additional refinements [72]. In a ‘divide-and-conquer’-like approach, ESPRIT-Tree first heuristically pre-partitions 
the full sequence space into a ‘pseudometric based partition tree’ and subsequently refines clustering in an al-like 
regime, including several more computationally efficient shortcuts. Both ESPRIT and ESPRIT-Tree provide parallel 
versions to run on computer clusters, and by design, they may provide significant speed improvements over full 
HCAs. However, in contrast to DOTUR, mothur and hpc-clust (which calculate sequence distances from MSAs), 
ESPRIT and ESPRIT-Tree implement on-the-fly PSA which entails a significant performance penalty. As of March 
2014, ESPRIT and ESPRIT-Tree have received moderate attention from the microbial ecology community: the 
Thomson Reuters Web of Science service lists 92 and 24 studies citing these methods.
In 2010, Huse et al proposed heuristic single linkage pre-clustering (SLP) to 98% sequence similarity to pre-
partition the full sequence space prior to hierarchical al clustering, primarily to reduce the effects of sequencing 
noise [53]. More recently, in 2012, Wei et al proposed mBMK, a ‘modified bisecting k-means’ clustering algorithm 
[86]. In a two-step process, the sequence space is first pre-partitioned in an alignment free approach based on 
‘k-tuple’ distances, followed by semi-supervised hierarchical k-means clustering (a top-down approach where 
the number of clusters is pre-selected).
3.5.2.3 (Greedy incremental) heuristic algorithms
While the aforementioned algorithms combine heuristic pre-partitioning steps with hierarchical clustering, many 
methods have been proposed that provide fully heuristic approximations of HCAs. One of the first heuristic 
sequence clustering methods was cd-hit (see Figure 3.3, lower left panel) which was originally developed to 
reduce redundancy in protein sequence databases [49,87-90]. Based on the observation that sequence 
similarity may be approximated by counting shared ‘short words’ (k-mers), cd-hit implements alignment-free k-
mer counting based on indexing tables, which is computationally highly efficient. Sequence clustering is 
implemented in a greedy incremental algorithm, as first proposed by Hobohm et al in 1992 [91]: sequences are 
first pre-sorted (e.g., by length or abundance, depending on parameters), and the first sequence becomes the 
first cluster seed. Subsequent sequences are clustered to the seed if they share higher similarity than required by 
the chosen threshold, otherwise they form a novel cluster seed. This ‘all-against-few’ comparison strategy is 
computationally efficient and scales well with dataset size. However, clustering is potentially sensitive to the 
order in which sequences are processed, and the algorithm does not guarantee that close-matching sequence 
pairs cluster together. In 2012, Li et al introduced cd-hit-otu, a dedicated pipeline to demarcate OTUs from 
targeted high-throughput sequencing data [49]. Taken together, all cd-hit papers have been cited 1,610 times 
according to Web of Science (as of March 2014), but as cd-hit is a general purpose tool, many citing studies are 
not related to microbial ecology.
In 2010, Edgar introduced uclust (see Figure 3.3., central lower panel, [92]), which is a general purpose tool very 
similar to cd-hit. Conceptually, the main distinction between the two is that uclust implements actual PSA (in a 
BLAST-like approach called usearch) and by default clusters sequences to the first matching seed, rather than 
the closest match. Moreover, in more recent versions, uclust implements a different sequence similarity 
calculation function (‘identities per alignment columns’) than cd-hit (‘identities per shorter sequence length’). 
Uclust is the default clustering method in QIIME and as of March 2014, it has been cited by 523 studies 
according to Web of Science (not all citing studies being related to microbial ecology).
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clusters merged if average similarity between all sequences 
exceeds the clustering threshold. synonyms: average neighbor, 
unweighted pair group method with arithmetic mean (UPGMA)
Complete Linkage (cl) clusters merged if all members share above-threshold similarity (‘exclusive’ clustering). synonym: furthest neighbor




[71] ESPRIT like cl, but with pairwise alignment and (slightly heuristic) k-mer-based pre-filtering of distances.
[72] ESPRIT-Tree like al, but with pairwise alignment and heuristic pseudometric-based pre-partitioning (‘divide and conquer’)
[53] Single Linkage Preclustering (SLP) pre-clustering to 98% similarity in a seed-based sl approach, then hierarchical clustering (al).
[86] modified Bisecting K-Means 
algorithm (BMK)
alignment-free distance calculation, followed by modified k-means 








sequences are compared to cluster representatives (seeds); 
sequence distances calculated from shared k-mers, alignment-free 
(using indexing tables).
[92] uclust sequences are compared to cluster representatives (seeds); BLAST-like distance calculation (PSA).
[69] uparse like uclust, but with on-the-fly filtering for chimeric sequences.
[93] Taxonomy-Based Clustering 
(TBC)
pre-clustering to 100% identity (unique sequences), then 
successive merging to largest clusters by adaptive BLASTing.
[94] Dynamic Seed-Based Clustering 
(DySC)
sequences are compared to representatives; cluster seeds are 
optimized on-the-fly (dynamic seeding).
[95] MSClust adaptive on-the-fly selection of multiple cluster seeds.
[96] Locally Sensitive Hashing (LSH-
Div)





[97] CROP unsupervised Bayesian clustering, based on a Gaussian mixture model
[98] Bayesian Estimation of Bacterial 
Communities (BEBaC)
alignment-free pre-clustering, Bayesian ‘fine’ clustering (‘divide and 
conquer’)
[99] CLUSTOM alignment-free pre-clustering with subsequent ‘overlap minimization’ by pairwise sequence alignment





[101] PhylOTU mapping of reads to a reference alignment, then clustering by phylogenetic distance (tree-based)
[82] VI-Cut hierarchical clustering, semi-supervised to match (taxonomic) data labels, based on Variation of Information (VI)
[103, 
104] Ecotype Simulation (ES, QuickES)
highly parametric simulation of ‘ecotypes’ from sequence similarity 
and a phylogenetic tree, assuming the ‘Stable Ecotype Model’ of 
bacterial evolution
[102] Evolutionary Placement on 
Phylogenetic Trees (EPA-PTP)
open-reference approach, using evolutionary placement on a 
reference tree and a ‘Poisson tree processes’ model.
[106] Distribution-Based Clustering (DBC)
abundance differences of sequences across samples 
(‘distributions’) are used as an ecological signal to inform 
clustering
Table 3.1. Selected methods for de novo OTU demarcation.
More recently, in 2013, Edgar introduced uparse (Figure 3.3, lower right panel) which is a refined greedy 
algorithm that combines sequence clustering with on-the-fly filtering for chimeric sequences [69].
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Several other heuristic sequence clustering algorithms have been proposed, including ‘Taxonomy-Based 
Clustering’ ([93], adaptive BLASTing against an abundance-sorted database of unique sequences) and DySC [94], 
MSClust [95] and LSH-Div [96] (greedy algorithms that rely on adaptive on-the-fly seed optimization, see Table 
3.1). However, these have not (yet) been widely adopted by microbial ecologists.
3.5.2.4 ‘Soft’-threshold and threshold-free methods
While greedy heuristic algorithms sacrifice accuracy to increase computational efficiency, several methods have 
been developed that aim to optimize partitions at the cost of higher computational demands. Based on the 
observation that depending on data complexity, dataset-wide ‘hard’ similarity cutoffs do not necessarily reflect 
the ‘natural’ data structure, so-called soft-threshold or threshold-free methods aim to provide partitions that are 
‘optimal’ under different statistical data models. The most widely used soft-threshold method is arguably CROP, 
introduced by Hao et al in 2011 [97]. CROP implements iteratively refined unsupervised Bayesian clustering 
using Gaussian mixture models, rather than probabilistic sequences, as cluster representatives. BEBaC, 
introduced by Cheng et al in 2012, is another Bayesian clustering method, implementing alignment-free ‘crude 
clustering’ followed by Bayesian ‘fine clustering’ in a divide-and-conquer approach [98]. CLUSTOM implements an 
alignment-free exploration of the sequence space, followed by pre-clustering and subsequent iterative overlap 
minimization between adjacent clusters [99]. Finally, M-Pick implements modularity-based clustering in a graph-
based approach: sequences are connected based on pairwise similarity, and subsequently clustered in iterative 
refinement to identify partitions that best represent data-inherent ‘modularity’ [100].
3.2.5.5 Clustering based on additional (non-sequence) signals
Several methods have been proposed that rely on signals other than ‘mere’ sequence similarity to amend OTU 
demarcation. One of the earliest such methods is PhylOTU, introduced by Sharpton et al in 2011 [101]. PhylOTU 
relies on reference alignment-derived probabilistic sequences to which query reads are aligned (i.e., a reference 
MSA is iteratively extended). Subsequently, a phylogenetic tree is inferred from the full alignment of reference 
and query sequences, and query sequences are clustered based on phylogenetic distance, rather than sequence 
similarity. Thus, PhylOTU is one of the few methods that may cluster (non-overlapping) SSU reads from non-
targeted metagenomics studies. In a similar approach, EPA-PTP implements an evolutionary placement algorithm 
(‘EPA’) to map reads to a (curated) reference phylogenetic tree and subsequently uses a Poisson tree processes 
(‘PTP’) model to infer ‘species’ boundaries in an open-reference approach [102]. Ecotype Simulation (ES) is 
another phylogeny-informed method to identify ‘true’ microbial lineages from complex sequencing datasets 
[103,104]. Assuming the Stable Ecotype Model of bacterial speciation [105], ES and its heuristic approximation, 
QuickES, provide (highly) parametric evolutionary simulations, using a sequence alignment and a phylogenetic 
tree as input.
VI-cut, proposed by White et al in 2010 [82], implements an entirely different approach in which clustering is 
‘guided’ by taxonomic classification of sequences. VI-cut implements semi-supervised hierarchical clustering, such 
that the Variation of Information (VI) of assigned taxonomic labels is optimized. Finally, Distribution-Based Clustering 
(‘DBC’), introduced by Preheim et al in 2013 [106], relies on an ecological signal to inform sequence clustering. 
DBC implements a greedy heuristic algorithm (similar to cd-hit or uclust) in which sequences are compared 
both in terms of nucleotide sequence similarity and in similarity of abundance profiles across multiple available 
samples (based on the observation that similar abundance profiles may imply ecological similarity).
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3.4 Assessing the ‘goodness’ of OTUs
In view of the myriad of available approaches to OTU demarcation, several comparative studies have sought to 
identify suitable methods with respect to different concepts of ‘optimal’ data partitions. Table 3.2 provides a 
non-exhaustive overview of selected works. Based on the chosen benchmark parameters, approaches fall into 
four general categories: (i) optimization of total OTU counts when clustering (known) datasets; (ii) external 
benchmarking, using taxonomy as ‘ground truth’; (iii) internal benchmarking, based on binary classification tests; 
and (iv) optimization for other signals. These categories are overlapping, and many studies have relied on 
complementary benchmarking strategies.
3.4.1 Benchmarking based on total OTU counts.
In the (OTU-based) ecological description of microbial communities, the determination of community richness 
is a common first step. Local richness is the number of ‘species’ (in practice approximated by OTUs) present in 
a sampled community of interest. In consequence, many benchmarking studies have compared OTU 
demarcation methods based on total cluster counts – based on the realization that many OTU-based studies 
tended to overestimate ‘true’ community richness, e.g. due to PCR and sequencing errors [42,46,107]. The 
underlying rationale is that clustering can be deemed ‘good’ if it reduces diversity overestimation (e.g., [53]).
In 2009, Sun, Cai et al [71] observed that their proposed method ESPRIT (see above) provided systematically 
fewer OTUs than ‘traditional’ MSA-based hierarchical clustering as implemented in DOTUR. They relied on a 
dataset of ~340,000 V6 reads pyrosequenced from a mock community of 43 strains of known 16S sequence, 
published by Huse et al in 2007 [42], as well as on environmental samples from hydrothermal vents [108] and 
an air sample. Based on the same re-sequenced mock community V6 dataset, as well as four lower-complexity 
re-sequenced datasets, Huse et al in 2010 observed marked differences in total OTU counts between different 
methods when clustering to a nominal threshold of 97% sequence similarity [53]. In particular, they observed 
that their proposed strategy of 98% heuristic single-linkage preclustering (SLP, see above) with subsequent 
hierarchical al clustering based on PSA provided the best approximation of the ‘expected’ number of 43 OTUs. 
In 2011, Barriuso et al [83] analyzed the same V6 mock dataset, as well as a simulated dataset, a full-length 
environmental dataset and two Roche 454 model datasets introduced by Quince et al [46]. They found that 
ESPRIT and cl clustering provided the most accurate OTU count estimates. Finally, Huse et al’s V6 mock dataset, 
as well as several simulated datasets, were also used in a 2013 large-scale comparison of many existing 
clustering approaches by Chen et al [109]. They found that SLP and CROP were most robust in predicted OTU 
counts, but that several methods underestimated ‘true’ diversity at 97% clustering (in contrast to the 
overestimation observed in previous studies).
In 2010, Schloss reported “effects of alignment quality, distance calculation method [...] and region” on SSU-
based OTU demarcation [50]. From a dataset of 13,501 unique, curated and aligned full-length 16S sequences 
shared between the RDP, Greengenes and SILVA databases, Schloss extracted several commonly targeted 
hypervariable regions and compared resulting OTU counts under cl clustering to full-length partitions. He 
observed that the different variable regions provided poor approximations of full-length clustering behavior. 
Moreover, he quantified effects of alignment strategy (PSA vs MSA) and sequence distance calculation. In a 
similar approach, Kim et al (2011) extracted hypervariable subregions from the full-length 16S alignments 




Ref Dataset Optimization criterion Main findings
[71]
V6 sequences (Huse et al’s mock 
community, ocean water & air 
samples); benchmarks on subsets 
of 10,000 sequences
OTU counts PSA preferable to MSA;
ESPRIT preferable to DOTUR
[82] 1,677 sequences (RDP), trimmed to V2-V4
Variation of Information (VI) 
against taxonomic ground 
truth; diversity estimates
cl preferable to al & sl; VI-cut preferable 
to all
[53] several datasets of V6 sequences, re-sequenced mock communities OTU counts
sl-preclustering followed by al best 
reduced overestimation of OTU counts
[50]
13,501 full-length sequences 




choice of subregion and reference 
alignment influence OTU clustering
[83] various datasets (simulated & re-sequenced)
OTU counts;
‘output variability’
ESPRIT, RDP or mothur preferable, 
depending on parameters
[110] full-length sequences (RDP); multiple subregions extracted
OTU counts;
richness estimates
choice of subregion influences OTU 
clustering; subregions approximate full-
length clustering differentially well
[72] sets of 30,000 V2 sequences (Turnbaugh et al)
Normalized Mutual 
Information (NMI) against 
taxonomic ground truth
ESPRIT-Tree preferable to ESPRIT, uclust 
and cd-hit
[58]
sets of 30,000 V2 sequences 
(Turnbaugh et al); several datasets 
on other subregions
OTU counts; NMI against 
taxonomic ground truth;
F-score (precision and recall)
ESPRIT-Tree preferable to ESPRIT, 
mothur, uclust and cd-hit
[57]
14,596 full-length sequences 




al preferable to cl, sl, uclust, cd-hit,ESPRIT 
and BlastClust; pre-clustering by 
taxonomic label (RDP-Classifier) may 
enhance accuracy
[66] V57 mock & oral dataset
OTU counts;
NMI & ‘purity’ against 
taxonomic ground truth
closed-reference OTU picking 
preferable; uclust and ESPRIT-Tree 
preferable out of de novo methods
[49]
1.1 million V6 sequences 





cd-hit-otu is fast and accurate
[104]
116,391 full-length sequences 





QuickES-simulated ‘ecotypes’ preferable 
to any OTU-clustering method
[109] V6 sequences (Huse et al’s mock community); simulated datasets
OTU counts; precision, recall; 
NID-score
CROP and sl-preclustering generally 
preferable
Table 3.2. Selected studies that benchmarked OTU demarcation.
3.4.2 External benchmarking against taxonomic ground truth
Based on the realization that total OTU counts is a summary statistic and does not inherently reflect partition 
structure, several studies relied on taxonomy as an external ‘ground truth’ to benchmark OTU demarcation. The 
underlying rationale is that OTU taxonomy is (i) representative of recognized microbial lineages, (ii) indicative of 
phylogenetic, morphological of metabolic coherence and (iii) relevant to the practitioner.
In 2010, White et al [82] investigated a dataset of 1,677 full-length, taxonomically typed 16S sequences 
downloaded from RDP and assessed clustering ‘quality’ as Variation of Information (VI; see section 5.5.2) with 
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respect to taxonomic labels. They found that hierarchical cl clustering, but in particular their proposed semi-
supervised method VI-cut (see above) provided partitions which best approximated the distribution of 
taxonomic labels.
In 2011, Cai & Sun used a dataset of ~1.1 million V2 sequences from the human gut (first provided by 
Turnbaugh et al in 2009 [111]) to compare their proposed algorithm ESPRIT-Tree (see above) to existing 
methods [72]. They inferred taxonomic labels for the full sequence set by BLASTing against the RDP reference 
database and subsequently processed subsets of 30,000 randomly selected sequences. For these, compliance 
with taxonomic ground truth was measured as Normalized Mutual Information (NMI, see section 5.5.2), which is 
mathematically closely related to the VI measure used by White et al. Based on NMI scores, Cai & Sun 
concluded that ESPRIT-Tree (an al approximation) outperformed their previous method ESPRIT (a cl 
approximation), as well as heuristic cd-hit and uclust clustering. In a follow-up study, Sun, Cai et al corroborated 
these findings in the same experimental setup, but adding discrimination against mothur-al and mothur-cl, as well 
as some general observations on hypervariable SSU subregions [58].
In 2012, Bonder et al compared several OTU demarcation protocols based on a V5-V7 targeted sequencing 
dataset of oral samples comprising ~500,000 sequences [66]. Based on taxonomic labeling by BLASTing against 
the SILVA database, they assessed taxonomic ‘purity’ of clusters, as well as NMI scores and complemented their 
findings by observations on total OTU counts. While they “could not identify a single best clustering algorithm”, 
they observed that sequence pre-processing generally had a stronger impact on clustering outcome than the 
choice of clustering method. Finally, in their 2013 study (see previous section), Chen et al [109] relied on the 
NMI-related NID score to quantify compliance with taxonomic ground truth.
The abovementioned studies arguably share two fundamental drawbacks. First, the use of a taxonomic ‘ground 
truth’ in OTU demarcation is conceptually problematic, for various reasons. In general, the relevance of 
taxonomic categories such as species, genus or family remains highly debated for bacteria and archaea 
[9,112,113]. Among other things, this has led to the development of multiple curated reference taxonomies 
which conflict on many levels [28,114]. Moreover, many cases have been reported in which taxonomic labeling 
conflicts with SSU similarity clusters or clusters of ecological coherence (e.g., [115-119]). Furthermore, 
taxonomic coverage of microbial diversity in reference databases is very uneven, due to highly biased sampling 
effort [16,49]; in consequence, taxonomic ‘ground truth’ may only refer to ‘known’ diversity, but is less indicative 
with respect to ‘uncharacterized’ (or ‘un-named’) diversity.
Second, it has been shown by Vinh et al (2009) that NMI and VI scores produce shifting baseline values, 
depending on cluster counts [120]. As OTU demarcation protocols vary markedly in total cluster counts (see 
above), these measures are therefore arguably unsuitable to benchmark against (taxonomic) ‘ground truth’.
3.4.3 Internal benchmarking based on binary classification tests
Based on the realization that the indicative value of external benchmarks against taxonomic ‘ground truth’ is 
questionable, several studies have compared methods in an internal benchmarking approach. As sequence 
clustering can be interpreted as a binary classification problem, OTU partitions can be described using methods 
from machine learning theory. For a pair of sequences, clustering can be considered true positive (TP) if both 
sequences share above-threshold similarity and pertain to the same OTU. True negative (TN) pairs share below-
threshold similarity and are not clustered together. False positive (FP) pairs are clustered to the same OTU, 
although they do not share the required level of similarity. False negative (FN) share above-threshold similarity, 
Introduction
19
but are not clustered together; see also section 3.2.5.1. Based on TP, TN, FP and FN counts, clustering precision 
(fraction of relevant positive classifications), recall (or sensitivity, fraction of detected relevant positive 
classifications) and specificity (rate of correctly identified true negative classifications) may serve as ‘internal’ 
measures of clustering quality.
In 2011, Schloss & Westcott [57] calculated Matthew’s Correlation Coefficient – which is a weighted summary 
statistic of TP, TN, FP and FN counts – to compare different clustering methods, based on a dataset of 14,956 
full-length, aligned 16S sequences downloaded from RDP. They found that al clustering provided the highest 
internal clustering consistency. In 2012, Li et al [49] found that their proposed pipeline cd-hit-otu provided 
accurate OTU count estimates, as well as high specificity and sensitivity when clustering the Turnbaugh dataset 
of ~1.1 million sequences sampled from the human gut [111] or the mock community datasets provided by 
Quince et al [46,47]. Finally, Chen et al (2013) assessed precision and recall of clustering methods, in addition to 
OTU count-based and taxonomy-based benchmarking [109].
3.4.4 Optimization for other signals
Remarkably few studies have assessed OTU demarcation with regard to signals that to not rely on OTU 
counts, taxonomy or classification theory. Most notably, Koeppel & Wu (2013) investigated phylogenetic and 
ecological signals [104]. They relied on three specific datasets: (i) ~115,000 Sanger-sequenced 16S reads of the 
human skin microbiome dataset [51]; (ii) 1,025 hsp60 sequences of the genus Vibrio [121]; and (iii) 132 psaA 
sequences of the genus Synechococcus [122]. They observed “extensive and pronounced paraphyly and 
polyphyly among OTUs” with respect to a maximum-likelihood phylogenetic tree of the large 16S dataset. 
Moreover, they observed “extensive ecological heterogeneity among OTUs”, clustered to 97% sequence 
similarity using uclust, with respect to very fine-scale ecological descriptions for the hsp60 and psaA datasets. 
Koeppel & Wu advocated that their proposed method QuickES did not suffer from the same drawbacks: while 
they did not process the large 16S dataset using QuickES, their method provided a far higher number of clusters 
for the small datasets than 97% uclust OTU clustering. This much more fine-grained partition aligned reasonably 
well with very fine-scale ecological sample labels (based on slight variations in associated marine particle sizes 
for Vibrio and 2-3°C temperature differences between hot spring Synechococcus habitats). However, habitat 
associations were predicted using the tool AdaptML [121]. Both QuickES and AdaptML rely on a (common) 
phylogenetic tree as input, so that their reasonable agreement is unsurprising. Moreover, both QuickES and 
AdaptML are highly parametric methods, and given the very small size of the two test datasets, there is a risk of 
(congruent) overfitting of the data, which Koeppel & Wu did not address.
A very different approach to assessing the ‘goodness’ of OTU clustering was implemented by Edgar, 2013 [69], 
who compared different OTU demarcation protocols based on the number of unidentified chimeric sequences 
(as well as based on total OTU counts). Based on his definition of ‘true chimeric’ sequences, he found that his 
proposed method uparse (whose distinctive feature is a novel approach to on-the-fly chimera filtering) 
outperformed the default pipelines of mothur and QIIME, which implement al and uclust, respectively.
To our knowledge, beyond these two studies, there have been no approaches to assessing OTU clustering 




4. Objectives and Content of this Thesis
As detailed in the previous sections, the demarcation of OTUs from complex sequencing data is important in 
microbial ecology, but a commonly accepted, unifying OTU-binning strategy remains elusive. Several studies 
have compared sequence clustering methods, benchmarking for different concepts of ‘optimality’. However, by 
design, such uni-dimensional benchmarks have missed important trends between methods: when clustering the 
same set of sequences, how similar are the partitions provided by different methods? As OTUs are often the 
backbone of further biological analysis, a quantitative understanding of the variability introduced by OTU 
clustering is arguably relevant to microbial ecologists. Moreover, when assessing OTU quality, one important 
aspect has so far remained underexplored: the biological consistency of the clustering.
In light of these considerations, the work presented in this thesis pertains to five main questions: (i) how 
similarly do different widely used clustering methods partition complex SSU datasets into OTUs?; (ii) how 
robust are methods to (slightly) changing parameters?; (iii) how do differences between methods influence 
biological interpretation?; (iv) do impartially clustered OTUs approximate ‘true’ (i.e., ecologically coherent) 
microbial lineages?; and (v) how can differences in ecological consistency between clustering methods be 
interpreted in terms of ‘clustering quality’?
To approach these questions, we demarcated OTUs from a global, comprehensive dataset of available full-
length SSU sequences, and from subsets thereof. For six different clustering methods, we generated OTU sets 
across a wide range of thresholds, and for varying clustering contexts and SSU sequence subregions. We 
conducted a series of computational experiments that comprehensively established pairwise similarities 
between clustering methods across changing clustering thresholds, and observed differential levels of robustness 
to other changing clustering parameters. Moreover, we quantified systematic biases in ecological data 
descriptions (diversity estimation) between methods. Our findings are summed up in a research manuscript, 
reprinted in this thesis as manuscript 7.1, which has been submitted for publication.
Moreover, we explored ecological consistency to indicate how well OTUs approximate ‘true’ microbial lineages. 
We observed that OTUs are generally, though not perfectly, ecologically consistent, but that different clustering 
methods provide differential levels of consistency. These findings are summed up in manuscript 7.2, which has 
been accepted for publication in PLOS Computational Biology.
The methods used for the reported experiments are detailed in section 5; in particular, this section also 
provides a critical methods discussion that complements the reprinted manuscripts. Section 6 highlights major 
results and puts them in context; it complements the discussions provided in the reprinted manuscripts, but 





The majority of experiments discussed in this thesis were conducted on three types of SSU sequence datasets 
which were generated from publicly available data: (i) a global dataset containing roughly 1 million SSU 
sequences sampled from a wide range of environments; (ii) two ‘local’ subsets of this larger set, notably the 
well-studied Human Skin Microbiome (HSM) dataset [51] and an artificially generated dataset of broad ecological 
range (BER); (iii) three simulated short read datasets, extracting SSU subregions V23, V35 and V6 from full-length 
sequences in the global set.
5.1.1 A comprehensive survey 16S-based survey of microbial diversity
When studying the demarcation of OTUs, there are various possible choices to define a test dataset. Many 
contemporary studies in microbial ecology rely on high-throughput sequencing technologies, such as the Roche 
454 and Illumina platforms. These methods provide very deep sequencing at low costs, but are prone to 
sequencing noise and erroneous reads [46,47]. Moreover, different sequencing methods introduce different 
biases to data generation [45], and technological advance in terms of read length, sequencing depth and quality 
is rapid. Thus, comparative studies on OTU demarcation for datasets generated using a specific high-throughput 
sequencing platform may not be trivially portable to other data types, and may be ‘outdated’ within a few years 
as the field moves on.
For the present analyses, a different approach was chosen, in the tradition of several previous studies 
[50,57,82]: we generated a global, comprehensive dataset of high-quality, near full-length SSU sequences which 
were downloaded from NCBI GenBank*  [123] and from the genomes available in the NCBI Reference 
Sequence Database (RefSeq†, [124]). From these sources, we filtered for sequences that were annotated as 
‘ribosomal RNA’ or ‘rRNA’ and had a minimum length of 1,000nt. The raw dataset thus contained reads that 
were either generated by Sanger sequencing [32], or by (curated) assemblies. After additional filtering and pre-
processing steps (see next section, 5.1.2), the dataset comprised almost 1 million sequences, which is two to 
three orders of magnitude larger than test sets used in previous studies. These sequences were sampled from a 
wide range of environments (see also section 5.2) and represented a comprehensive survey of publicly available 
full-length SSU data. Indeed, the used dataset resembles in size, scope and sequence processing the curated sets 
provided by SSU reference databases such as RDP [27], Greengenes [28] or SILVA [125]. These databases are 
often used as pre-clustered references in reference-based OTU-binning approaches, as well as in global-scale 
ecological studies, as e.g. on microbial interaction networks [126]. Thus, the test dataset used here is highly 
curated, represents several realistic use cases, and may provide technology-independent insights on general 
trends in OTU demarcation.
5.1.2 Preprocessing: filtering, alignment and distance calculation
We generated a pseudo-multiple sequence alignment (pseudo-MSA) of the entire dataset from pairwise 
alignments of sequences to curated covariance models using the alignment software Infernal [80,81]. Infernal 
provides very fast and accurate profile-based alignments that take into account the SSU RNA molecule’s highly 
specific secondary structure. All sequences were aligned to reference consensus models of the bacterial and 
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* http://www.ncbi.nlm.nih.gov/genbank/, accessed in April 2012
† http://www.ncbi.nlm.nih.gov/RefSeq/, accessed in March 2012
archaeal 16S rRNA molecule and the eukaryotic 18S rRNA molecule as provided in the package ssu-align‡ 
[80]. In a recent study, Wang et al found that for the alignment of 16S sequences, structure-aware approaches 
such as used by Infernal did not outperform traditional pairwise alignment methods, such as the Needleman-
Wunsch algorithm [73]. However, Wang et al used a dataset of relatively short sequences (231nt) from the V2 
SSU subregion which exhibits relatively little secondary conformation. To assess alignment quality, they used a 
NMI metric to test accordance with a ‘ground truth’ dataset; however, this approach is problematic for this 
particular kind of problem (see also section 3.4.2). Moreover, Schloss has pointed out a series of further 
limitations in the Wang et al commentary and discussed the use of secondary structure informed alignment 
methods [84]. In using full-length sequences that have on average a much higher degree of structural 
information than the V2 region only, we are confident that a structure-aware approach adds accuracy to our 
alignments.
Sequences were assigned to the three phylogenetic domains of life (archaea, bacteria and eukarya) based on 
which reference model they aligned to with the highest Infernal alignment score; sequences with a negative 
score for all three models were excluded from analyses altogether (this step also removed remaining non-SSU 
rRNA sequences). To obtain an alignment of uniform length, comprising the same amount of information per 
sequence, all sequences were pruned at manually chosen conserved flanking positions (alignment position 142 
to 899 for the archaeal model, 107 to 1,408 for bacteria, and 629 to 1,547 for eukarya), yielding three distinct 
alignments of lengths 757nt, 1,301nt and 918nt, respectively. We filtered for chimeric sequences using uchime 
[41] with a set of reference sequences generated de novo from the entire alignments. This way, 18.9%, 19.7% 
and 9.7% of sequences were identified as chimeric and removed before subsequent analyses. After these pre-
processing steps, the dataset used in this study comprised 950,014 sequences (42,024 archaeal, 887,870 
bacterial and 20,120 eukaryotic) of which 720,086 or 75.8% were unique (30,962, 673,128 and 15,996, 
respectively). These sequences each covered (approximately) the entire 16S/18S SSU rRNA molecule.
5.1.3 Extraction of defined ‘local’ sequence subsets
Two defined, more compact subsets were extracted from the global dataset for further analyses. The human 
skin microbiome (HSM) is a reference dataset of 112,283 sequences (90,620 after quality filtering steps) 
sampled from 21 distinct human skin sites [51]. The HSM set has been extensively studied, and has previously 
served to benchmark OTU demarcation [104]. In context of the analyses presented in this thesis, the HSM was 
used to assess differences between clustering methods with respect to robustness and reproducibility in OTU 
demarcation and OTU-based ecological data descriptions (section 7.1). Moreover, it was used as an ecologically 
well-defined model dataset to study the correlation of ecological similarity with SSU sequence similarity 
(section 7.2), as well as the effects of clustering context (section 7.1). In the latter framework, the HSM 
represented a ‘local’ subset of the full ‘global’ dataset, as it was more closely circumscribed in terms of ecology, 
taxonomic composition and sequence space.
In the same context, we generated a second ‘local’ set of broad ecological range (BER), comprising 53,999 







Eckburg PB et al., 2005 [17] human intestine 11,831
Grice EA et al., 2008 [127] human skin 6,209
Shaw AK et al., 2008 [128] aquatic (ocean) 5,654
Elshahed MS et al., 2008 [129] soil 2,699
Brulc JM et al., 2009 [130] bovine rumen 2,918
Alonso-Gutierrez J et al., 2009 [131] coastal / oil-contaminated 1,606
Cruz-Martínez K et al., 2009 [132] soil (grassland) 1,034
Walsh DA et al., 2009 [133] aquatic (ocean, anoxic) 5,810
Sunagawa S et al., 2010 [134] coral-associated 1,956
Durso LM et al, 2010 [135] bovine intestine 11,107
Eloe EA et al., 2010 [136] aquatic (deep sea) 1,271
Perkins SD &  Angenent LT, 2010 [137] metalworking fluid 1,059
Martinson VG et al., 2011 [138] insect-associated 4,956
Perkins SD et al., 2011 [139] wastewater sludge 1,144
Unpublished: JJ Wright & SJ Hallam, Microbial structure in the oxygen 
minimum zone of the Northeast subarctic Pacific Ocean, GenBank Acc 
No JQ220557 to JQ227301
aquatic (ocean, anoxic) 7,671
Unpublished: VE Olalde-Mathieu et al. Bacterial species richness in an 
extreme saline-alkaline soil of the former lake Texcoco, GenBank Acc 
No JN177806 to JN178884
soil (saline-alkaline) 1,060
Unpublished: A Jimenez-Aguilar et al. Bacterial communities in soil 
under lichen and moss crusts, GenBank Acc No JN023098 to 
JN024099
soil 1,002
Unpublished: R Zhang & WT Liu, The diversity of bacteria in Tibetan 
Lake, GenBank Acc No HM126671 to HM130044 aquatic (lake) 3,374
Table 5.1. Sample composition of the artificially generated broad ecological range (BER) local dataset.
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5.1.4 Datasets on selected SSU subregions
As current high-throughput sequencing platforms are limited in read length, most SSU-sequencing based studies 
target specific hypervariable subregions of the SSU rRNA gene. To test how the choice of subregion may 
influence OTU demarcation, we extracted three sets of short read sequences from the global alignment of full-
length bacterial 16S sequences, notably on subregions V23, V35 and V6 (see Figure 5.1). While V23 and V35 
correspond very closely to sequence subregions used in the human microbiome project [34,50], the shorter V6 is 
a frequent target in Illumina-based studies [53]. By design, the extracted datasets do not correspond to ‘real’ 
targeted 454 and Illumina sequencing datasets. Rather, excision from known, full-length reference sequences 
allows direct comparison of OTU partitions based on full (i.e., information rich) and short (information sparse) 
sequences. 
Figure 5.1. Extracting datasets on selected hypervariable SSU rRNA subregions. From the global alignment of full-length bacterial 
16S sequences, subregions V23, V35 and V6 were extracted. Subregion sequence length (left column), flanking positions in the 
Infernal alignment (middle column) and with respect to the E. coli reference 16S sequence (right column) are given. Subregions 
start and end positions as used by Schloss, 2010 [50]. 16S sequence secondary structure (right panel) modified from an image 
kindly provided by Harry Noller, University of California, Santa Cruz.
5.2 Contextual data
Both the GenBank and RefSeq databases provide facilities for submitting rich metadata with each sequence. We 
harvested this contextual information in several ways to describe ecological properties of the organisms in the 
SSU sequence dataset. First, we assigned sequences to individual sampling events, defined here as a unique 
combination of submitting authors, publication title and isolation sources; this classified the dataset into 31,519 
samples, the largest of which comprised 61,479 sequences, at an average sample size of 30.2 sequences per 
sample.
Next, we extracted annotation keywords for every sample from the publication title, isolation source and 
additional comments (GenBank annotation field ‘note’). We filtered these keywords by removing any terminal 
letters ‘s’ (to map plural forms) and by requiring that in order to be valid, a keyword had to be used by at least 
two author teams independently. In addition, as literal taxonomic and geographic annotations carry no 
ecological information per se, we removed all keywords that produced a hit in the NCBI Taxonomy§  database 
[140] or the GeoNames**  database of geographical place names. Moreover, we used a manually curated list of 
1,144 stop words to remove keywords that clearly carried no ecological information (such as the word 
‘DNA’). In total, these filtering steps reduced the number of annotation keywords by roughly one order of 










































wastewater 14,445 limnic 21,889
food (fermented) 2,333 estuarine 3,836
food (dairy) 3,419 littoral 21,274
food (other) 32,889 pelagic 8,429
sterile 3,492 benthic 44,184
agricultural 41,348 lake 16,459
other (anthropog.) 29,687 stream 6,153
total (anthropog.) 127,491 ice 3,042
host-
associated
plant (phyllosphere) 2,197 saline 7,806
plant (rhizosphere) 5,576 other 145,056





gastric 63,580 arid 2,319
intestinal 182,003 cave 7,382
oral 3,254 forest 3,627
lung 7,064 grassland 11,160
vaginal 803 wetland 9,469
blood 1,815 rock & mineral 14,260




insect host 20,166 geothermal 12,200
animal host (other) 598,106 total (thermal) 19,680
total (host-ass.) 643,613 unclassified total 41,260
Table 5.2: Habitat Classification of 950,014 SSU sequences. Habitat typing was non-exclusive: sequences could be associated 
with multiple habitat (sub-)types. For example, marine aquatic environments could be further classified as benthic, pelagic or 
littoral; samples from the ‘gastrointestinal tract’ were annotated as both ‘gastric’ and ‘intestinal’, etc. Note also that host-
associated habitats were assigned based on both annotation terms and annotated host information.




The vast majority of these terms carried biological information characterizing SSU sequences with respect to 
their ecological and environmental sampling context. Based on these ecological terms and on host organism 
annotations (see below), we annotated samples to a list of 53 unique habitat types using a manually curated 
classification scheme (see Table 5.2). Habitat typing was non-exclusive: individual samples could be annotated 
with different habitat subtypes, e.g. ‘aquatic, marine, benthic’ or ‘forest soil, rhizosphere’.
In a complementary approach, we filtered all keywords for the controlled vocabulary maintained by the 
Environmental Ontology Project (EnvO††) and used the ontology to assign related environmental terms to 
sequences (e.g., ‘lake’ and ‘pond’ were both classified as ‘water body’). This procedure yielded 672 unique EnvO 
terms mapping to 16,736 samples – indicating that nearly half of all samples could not be annotated using 
EnvO. However, having been derived using a dedicated ontology for environmental terms, these keywords carry 
much ecological information.
We assigned host taxonomy to bacterial and archaeal sequences from direct annotations (GenBank annotation 
field ‘host’) and by inference from annotation keywords (terms matching the NCBI Taxonomy that mapped to 
higher plants or metazoans were considered to refer to putative host organisms). This yielded 2,422 unique 
host taxonomies (in total representing 5,850 unique taxonomic categories) for a total of 9,621 samples; the 
remaining 21,898 samples were considered not host-associated. The by far most highly represented host 
organism was Homo sapiens (407,107 sequences mapping to 1,003 samples); in general, animal hosts (572,675 
sequences) were much more represented than plant hosts (30,210).
Finally, we inferred geographical sampling site information based on various evidence channels. For 1,928 
samples (representing 120,244 sequences), geographical coordinates were extracted from direct annotations 
(GenBank annotation fields ‘lat’ and ‘lon’). For an additional 18,803 samples (representing 253,013 sequences), 
coordinates were inferred to various levels of spatial resolution based on annotation keywords using the 
GeoNames database of geographical place names. The GeoNames database also provides high-resolution 
elevation information for continental (non-ocean) coordinates. In addition, sampling site elevation (or depth, in 
the case of water bodies and soil) was inferred from annotation keywords, as well as from the ETOPO1 1 arc-
minute resolution global relief model [141]. Thus, sampling site latitude, longitude and elevation/depth were 
inferred for a total of 20,731 samples, comprising 373,257 sequences, which mapped to 4,739 unique 
coordinates, with almost world-wide coverage.
Taken together, these procedures yielded a highly curated and detailed multi-dimensional ecological description 
of the sequence dataset. These different channels of ecological information were used to assess the ecological 
consistency of sets of OTUs (see sections 5.6 and 7.2). Moreover, these ecological annotations are currently 
used in the context of various ongoing projects, e.g. to complement microbial interaction networks with 
ecological information, and to study microbial biogeography on a global scale.
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†† http://environmentontology.org, release date 2011-24-03
5.3 Demarcation of OTUs
Sequences were clustered into OTUs using several established approaches: we executed heuristic methods (cd-
hit, uclust, uparse) and hierarchical clustering algorithms (HCAs; average, complete and single linkage). For every 
applied method, we clustered to different sequence identity thresholds (ranging from 80-100% SSU sequence 
similarity).
As the tested heuristics implement on-the-fly pairwise sequence (pseudo-)alignment and distance calculation, 
clustering was performed on unaligned datasets for these methods. We generated OTU sets using cd-hit‡‡ 
[89,90] in cdhit-est mode (which is the default in the cd-hit-otu pipeline [49]) on a multicore machine using 
parallelization and standard parameters. Word lengths of 7, 9 and 11 as parameter for sequence similarity 
calculation were tested; however, while longer word lengths provided significant speed improvements, the 
observed differences in both OTU total counts and OTU size distributions were negligible (data not shown) so 
that only results for word length 11 are discussed. The uclust§§ [92] series of OTU sets was generated using the 
uclust software with the cluster_fast option and standard parameters. As uparse [69] combines OTU clustering 
with on-the-fly filtering for chimeric sequences, we used the full, unaligned, non-chimera-filtered sequence 
dataset for uparse runs and subsequently mapped shared sequences between uparse partitions and the uchime-
filtered dataset used for the other clustering methods. Both uclust and uparse did not cluster the large bacterial 
dataset to similarity thresholds >99%, due to prohibitive memory requirements of the freely available 32bit 
versions of these tools.
Hierarchical average, complete and single linkage clustering were performed using the recently developed in-
house software package hpc-clust [85]. While cl and sl partitions were obtained for the whole range of tested 
similarity thresholds, al clustering of the large bacterial dataset was only performed for ≥92% SSU similarity due 
to high memory requirements of the algorithm. Hpc-clust parallelizes the hierarchical clustering task and thus 
allows to cluster large datasets very rapidly (less than 3h wall time for the present dataset of roughly one 
million sequences on a 256 core computer cluster), while still computing the entire pairwise distance matrix, 
avoiding any heuristic shortcuts. Moreover, the software provides the option to use different alignment distance 
calculation functions; however, since the OTU sets generated by different tested distance calculation methods 
showed only negligible differences in terms of ecological consistency (data not shown), we present only results 
obtained using the ‘one gap’ alignment distance calculator, counting gaps of any length between sequences as 
single mismatches.
Finally, we attempted to cluster the sequence dataset with the commonly used software tools mothur ([60], 
version 1.27.0, 2012-08-08) and ESPRIT-Tree ([72], version 1, 2011-11-15). However, we were unable to process 
the entire dataset of roughly one million full-length sequences, or even smaller subsets of ≥100k sequences 
with either of these programs, even when providing excessive computational resources (running on a multicore 
computer with 1TB RAM); this is most likely due to the computationally expensive calculation of the pairwise 
SSU sequence distance matrix. However, it has been shown for smaller test sets that mothur and hpc-clust 
provide virtually identical partitions for the tested HCAs [85]. Moreover, ESPRIT and ESPRIT-Tree are slightly 
heuristic approximations of the cl and al algorithms, although they rely on pairwise rather than multiple 




‡‡ http://weizhong-lab.ucsd.edu/cd-hit/, version 4.5.4, Build 2012-08-25
§§ http://drive5.com/usearch/, version 6.0.307
5.4 OTU-based estimators of microbial ‘diversity’
The concept of ‘diversity’ in the context of ecology appears to be surprisingly fuzzy: in 2010, Tuomisto noted 
that “the term ‘diversity’ has been used in at least four conceptually different ways in the ecological 
literature” [142]. The probably most widely accepted general definition and classification of diversity was 
introduced by Whittaker [143,144] who described (i) α-diversity as the mean diversity of types in a local 
habitat, (ii) β-diversity as differentiation among these habitats and (iii) γ-diversity as the global diversity of the 
entire ‘landscape’, or scope of study. However, in particular the terms ‘α-diversity’ and ‘β-diversity’ have since 
been used by different authors to refer to a range of different phenomena using a wide array of mathematical 
indices [142,145]. Since an in-depth discussion of ecological definitions of diversity exceeds the scope of this 
thesis, I will here use a terminology that follows the general conventions in the field of microbial ecology (which 
diverge from conventions in other research fields). In particular, I will use the term ‘α-diversity’ to refer to the 
local diversity of an individual sample, and ‘β-diversity’ to describe the similarity / dissimilarity between 
communities (samples). Moreover, for the sake of simplicity I will also introduce definitions in microbial ecology 
lingo, generally referring to ‘OTUs’ and ‘taxa’ rather than ‘species’ and ‘classes’, and to ‘sequences’ in ‘samples’ 
rather than ‘individuals’ in ‘habitats’.
While many different measures have been used to assess microbial diversity [146], the focus here will be 
exclusively on OTU-based (or ‘species-based’) indices, as these are the most relevant to the work presented in 
this thesis. In particular, this means that phylogeny-informed diversity estimators, such as Phylogenetic Diversity or 
UniFrac [147], are not discussed: conceptually, such indices rely on phylogenetic distance, and OTU clustering 
with subsequent choice of cluster representatives is usually used merely to reduce data complexity prior to 
phylogeny inference.
5.4.1 Estimating community richness and evenness (α-diversity)
Many approaches to assessing local community diversity have been proposed; as of 2014, the online 
documentation of the widely-used mothur suite alone lists 20 different α-diversity indices***. The most basic 
descriptor for local diversity is taxonomic richness, or total species count in the sample. As OTUs are used as 
proxies for taxa at different levels of resolution, total OTU counts are often used as richness estimates in 
microbial ecology. Noting that sampling bias may cause an underestimation of richness due to unseen taxa, 
Chao (1984) proposed an abundance-informed richness estimator which is often referred to as ‘Chao1 
index’ [148]:
SChao1 = Sobs +
n1(n1 −1)
2(n2 +1)
where Sobs is the observed richness (number of OTUs) and n1 and n2 are the number of singleton (only one 
representative) and doubleton (two representatives) taxa, respectively. In other words, the Chao1 index 
approximates the number of unseen taxa based on the number of observed rare taxa. As SSU sequencing 
datasets often  exhibit strong abundance skews towards singleton/doubleton OTUs, the Chao1 index and its 





The Shannon index takes into account community evenness (the taxa abundance distribution) in an entropy-
based formulation [151]:








where n is the total number of sequences and ni is the size of class i. In other words, the Shannon index 
describes the uncertainty when determining the OTU membership of a given sequence in the sample (see also 
section 5.5.2).
The Simpson index, proposed by Simpson in 1949, measures “the degree of concentration or diversity achieved 
when two individuals of a population are classified into groups” [152]. It has been used in various versions in 
the ecological literature; the most intuitive form is arguably the inverse Simpson index:
ISI = ni (ni −1)n(n −1)i∑
Thus defined, the inverse Simpson index is the inverse probability that two representatives (sequences) 
randomly drawn from a sample belong to the same group – high ISI values indicate higher ‘diversity’.
All three indices – Chao1, Shannon and inverse Simpson – thus capture different aspects of ‘α-diversity’, and all 
three have been widely used in microbial ecology. In the work presented here, we used these indices to 
characterize the human skin microbiome dataset (see section 5.1.3) when clustering sequences according to 
different methods (section 7.1).
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5.4.2 Estimating community similarity (β-diversity)
Similarly to local community diversity, many approaches have been proposed to assess the similarity between 
communities (‘β-diversity’): as of March 2014, the online documentation for mothur lists 36 distinct β-diversity 
calculators, while the software package phyloseq [153] provides as many as 45 options, often with additional 
parameters. The most basic metric of overlap between groups was first proposed by Jaccard in 1901 [154] 
who described community similarities for alpine flowers as the fraction of shared species, calculated as ratio of 
shared species (set intersect) and total species between groups (set union):
J(A,B) = A∩ BA∪ B
In 2004, Chao et al [155] proposed a probabilistic abundance-informed version of the Jaccard index which 




where Uest and Vest are the (unseen taxa-corrected) estimates of total relative abundances of shared species in 































where SA,B is the number of shared OTUs between groups A and B, ai is the size of OTU i in A, bi the size of 
OTU i in B, nA and nB are the total number of sequences in A and B. I(expression) is an indicator function, 
defined as I = 1 if ‘expression’ is true and I = 0 otherwise. Finally, f+1 and f+2 are the number of shared OTUs 
that are singletons and doubletons in partition A, while f1+ and f2+ are the number of shared OTUs that are 
singletons and doubletons in partition B. Thus, the number of ‘unseen shared taxa’ is estimated based on the 
number of ‘observed shared rare taxa’ between the partitions. In the above formulation, the Jaccard and 
abundance-corrected Jaccard indices are defined as community similarities, so that J = 1 describes perfectly 
identical communities, while J = 0 if no taxa are shared.
The Sørensen-Dice-Czekanowski index (SDC) [156] is mathematically closely related to the Jaccard index, and 
various incidence-based and abundance-based formulations have been proposed. In the raw abundance-based 
version after Chao et al, 2004 [155], it is defined as follows:

















where U and V are the sums of relative abundances of individuals in shared taxa in groups A and B. In the above 
formulation, the SDC is defined as an index of community similarity; it is closely related to the widely used Bray-
Curtis dissimilarity index [157].
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where S is the total number of unique taxa between groups, nA and nB are the total number of sequences in 
groups A and B, and ai and bi are the absolute frequencies of taxon i in A and B. Values for MH range between 
0 (no overlap between communities) and 1 (all taxa are present in both groups in equal abundances).
We used the Jabd, SDC and MH indices to assess pairwise community similarities for the samples of the human 




5.5 Assessing partition similarity
When clustering the same set of sequences under different parameters, the resulting data partitions may vary 
in (i) total cluster counts, (ii) cluster size distributions and (iii) cluster composition. Divergent cluster counts are 
usually straightforward to interpret: they indicate quantitative overall differences between two partitions (i.e., 
‘how many clusters are formed?’), but provide no inherent information on qualitative differences (i.e., ‘which 
sequences cluster together?’). However, in the context of OTU clustering, total cluster counts indeed carry 
biological meaning to some extent, as they are a proxy for taxonomic richness (see section 5.4.1). In 
consequence, several previous studies have relied on total OTU counts to compare sets of OTUs, often 
assessing the relative overestimation of diversity with respect to known ‘ground truth’ partitions 
([50,53,66,71,82,83,109]; see section 3.4.1). Similarly, differences in cluster size distributions may indicate 
quantitative differences between partitions (‘how large are the clusters that are being formed?’). In the context 
of microbial communities, differentially skewed OTU size distributions may directly correspond to differential 
estimates of community evenness, while also more generally influencing abundance-informed measures of α- 
and β-diversity (see section 5.4).
The quantification of differences in cluster composition, in contrast, is non-trivial and continues to be an open 
problem in the fields of statistics and machine learning [120,159]. An in-depth discussion of the many 
approaches to assessing set similarity exceeds the scope of this thesis; rather, I will focus on those measures that 
were used in this work, which fall into the categories of (i) pair counting-based and (ii) information theoretic-
based indices. Moreover, I will side-step rigorous mathematical formalism by referring to the specific problem of 
OTU clustering only, discussing clusters of ‘sequences’ and ‘OTUs’ rather than using the more abstract 
terminology of clustered ‘nodes’ or ‘data points’, while also using the terms ‘partition’, ‘clustering’ and ‘OTU set’ 
interchangeably.
5.5.1 Pair counting-based indices
As indicated already by name, pair counting-based indices quantify the similarity between two partitions by 
counting individual pairs of sequences as either concordant or discordant. A pair of sequences is concordant 
across partitions if it either clusters together in both partitions (‘agree to agree’; Fig. 5.3, left) or does not cluster 
together in either partition (‘agree to disagree’; Figure 5.3, middle). In contrast, discordant sequence pairs cluster 
together in one partition, but into different OTUs in the other.




The Rand Index [160] of partition similarity weighs counts of concordant and discordant pairs of sequences as 
follows:





where n is the total number of sequences and Nconcordant is the number of concordant pairs. In other words, the 
Rand Index is the ratio of concordant pairs per total pairs. Based on the observation that the Rand Index does 
not take a constant expected value between random partitions, Hubert and Arabie proposed an adjusted form 
which corrects for chance based on a hypergeometric randomness model [161]. The Adjusted Rand Index (ARI) 
is calculated as follows:










































































































where ai is the size of OTU i in partition A, bj is the size of OTU j in partition B and ni,j is the number of 
sequences clustering into OTU i in partition A and OTU j in partition B (i.e., the i,j-th entry in the contingency 
table between partitions). ARI values range between -1 (complete discordancy – sequences grouping together 
in A never group together in B) to 1 (perfectly identical partitions); ARI = 0 indicates random similarity as 
expected based on cluster size distributions. We used the ARI to compare partitions in a range of different 
experiments (sections 6.1, 6.2 and 7.1).
Arguably, one inherent drawback of pair counting-based measures is the dominance of large clusters. Since the 
number of pairwise comparisons scales quadratically with sequence count, large clusters will contribute 
disproportionally more to the similarity / dissimilarity signal than smaller clusters. In an extreme case, merging 
two large clusters XA and YA in partition A into one cluster ZB in partition B will provide a large number of 
discordant sequence pairs, although both partitions remain highly similar from a set point of view.
5.5.2 Information theoretic-based indices
More recently, information theoretic-based indices have received increasing attention in the clustering 
literature, not least due to their strong theoretical background [120]. Consider a partition A of i clusters of sizes 
ai. The entropy of partition A quantifies the uncertainty when determining a given sequence’s cluster 
membership in A; it is calculated as follows:








H(A) = 0 indicates the ‘singleton partition’, i.e. a partition with only one cluster in which there is no uncertainty 
about cluster membership. The information overlap between two partitions A and B can be expressed based 
on these partitions’ entropies, as the Mutual Information (MI): 












In other words, I(A,B) quantifies the mutual dependence between partitions A and B and “measures how much 
knowing one of these [partitions] reduces our uncertainty about the other” [120]. As I(A,B) is upper bounded 
by the entropies H(A) and H(B), several mathematically related or even equivalent normalizations have been 
proposed, such as the Variation of Information (VI) by Meilǎ [162] or different versions of the Normalized Mutual 
Information (NMI). As defined by Fred & Jain, 2003 [163], NMI is calculated as follows:
NMI = −2I(A,B)H (A)+ H (B) =


























NMI values range between 0 (no shared information between partitions) to 1 (perfectly identical partitions). In 
the context of OTU demarcation, both NMI and VI have previously been used to test the agreement of OTU 
sets with differently defined taxonomic ground truth partitions [58,66,72,82,100]; see also section 3.4.2.
Noting that variations in cluster counts cause systematically shifting NMI baseline values, Vinh et al. proposed the 
Adjusted Mutual Information (AMI) measure which uses a hypergeometric permutation model to correct for 
these effects [120]:
AMI = I(A,B)− E{I(M ) | a,b}H (A)H (B) − E{I(M ) | a,b}
where E{I(M)|a,b} is the expected average Mutual Information for all theoretically possible contingency tables 
with marginals a and b; in other words, E{I(M)|a,b} is the expected Mutual Information for the observed 
distributions of cluster sizes in partitions A and B. It is defined as
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Vinh et al could show in simulation studies that AMI values do not suffer from a systematically shifting baseline 
with shifting cluster counts. Similarly to ARI, values for AMI range between [-1, 1]; AMI = 1 describes perfectly 
identical partitions, AMI = 0 indicates ‘random’ shared information as expected by chance for two partitions of 
the given cluster size distributions. We used both NMI and AMI to assess partition similarity across clustering 
methods, and for varying clustering parameters (see sections 6.1, 6.2 and 7.1).
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5.6 The Ecological Consistency Score as a measure of OTU set ecological consistency
We developed an Ecological Consistency Score (ECS) to assess the ecological consistency of entire sets of 
sequence clusters with respect to different ecological signals. An in-depth theoretical and empirical motivation 
for the ECS is given in section 7.2.
Consider an individual OTU i clustering ni sequences from different sampling events. Each sequence is 
annotated according to different ecological signals characterizing the environment from which it was sampled, 
such as e.g. ecological terms or host organism taxonomy (see section 5.2). We consider OTU i to be 
‘ecologically consistent’ if  it is enriched in sequences that share similar ecological affiliations. We calculated the 
likelihood Li,j of observing any biological feature j (e.g., an ecological term such as ‘soil’, ‘skin’ or ‘ocean’) with a 











pjki , j 1− pj( )ni−ki , j
For example, observing 5 sequences annotated with the ecological term ‘skin’ (background frequency in the 
global dataset of 30.0%) in an OTU containing 15 sequences has a likelihood of 0.206, but observing the much 
less frequent term ‘hydrothermal’ (background frequency ~0.9%) exactly 5 times in the same OTU is much less 
likely (L15,hydrothermal = 1.6*10-7). Similarly, not observing a frequent term such as ‘skin’ in the same OTU has a 
rather low likelihood (L15,skin = 0.005). Thus, the presence of 5 sequences annotated as ‘hydrothermal’ in an 
OTU of size 15 is an enrichment of ecologically similar organisms, while the absence of a frequent term such as 
‘skin’ in the same OTU is a negative enrichment.
While Li,j describes the ecological consistency of an individual OTU, what is the likelihood of the enrichment of 
all ecological features across all sequence clusters in the dataset? We computed this as the summed log-
likelihood LLset over all Li,j:





High absolute values of LLset indicate that enrichments of ecological features in OTUs across the entire partition 
are non-random. However, the absolute value of LLset is influenced by total OTU count (as the number of 
summands i) and OTU size distribution (as ni in the binomial coefficient).  Thus, in order to compare biological 
consistency between OTU sets, we used an empirical approach to control for these effects. For any given OTU 
set, we generated 1,000 randomized sets with identical OTU size distribution, but shuffled sequence-to-OTU 
mapping and computed the summed log-likelihood LLrand for each of these sets. This generated near-Gaussian 
distributions of randomized set log-likelihoods LLrand. From this, we calculated the ecological consistency score of 
the observed OTU set as standard Z score:
ECS = − LLset − µrand
σ rand
where µrand is the average value of LLrand and σrand is the standard deviation. Thus, ECS values indicate by how 
many standard deviations the enrichment of ecological features in an observed OTU set is removed from a 
randomized background. In other words, the ECS indicates how consistent a given set of OTUs is with respect 
to an ecological signal, such as the distribution of ecological terms. ECS values are independent of both OTU 
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size distribution effects and total number of OTUs in the set and provides a measure that is comparable 
between OTU sets.
We used an empirical jackknifing approach to assess ECS variability. For a given data point, 1,000 likelihoods of 
randomized sets (LLrand, see above) were calculated, from which we recalculated ECS values based on 1,000 
subsamples of 100 LLrand values. This provided a jackknifed estimate of ECS mean values and standard 





6. Major Results and Discussion
6.1 The choice of clustering method biases biological data interpretation
The advent of high-throughput sequencing technology has been a mixed blessing for the research field of 
microbial ecology. The ability to generate very deep sequencing datasets for virtually any environment from 
which microbial DNA can be isolated has been a great asset, as it has enabled studies at previously unattainable 
scopes: over the past few years, very large targeted datasets for many environments have emerged which have 
considerably advanced our understanding of microbial diversity. However, as in many other fields, the 
development of computational analysis tools has struggled to keep up with the rapid accumulation of available 
sequence data. The demarcation of OTUs as clusters of marker gene sequence similarity is one attempt to 
conquer this increased data complexity: as analyses at the level of individual sequences are usually too resource-
demanding for current-generation computers, clustering by sequence similarity is supposed to reduce the 
problem to computationally accessible scales. However, it has to be borne in mind that marker gene-based 
OTUs are, technically speaking, proxies of proxies for proxies – a marker gene is a proxy for taxonomic identity, a 
sequence similarity cluster approximates ‘true’ bacterial taxa, and the predictive value of rivaling ‘bacterial 
species’ concepts with respect to ‘true’ microbial lineages remains highly controversial.
The challenge of providing efficient, scalable and accurate OTU demarcation from complex sequencing datasets 
has triggered the development of a myriad of methods and software tools. Generally, OTU demarcation 
pipelines provide flexibility in parameter choices at many different levels; in this thesis, the explicit focus has 
been on sequence clustering methods. Generally, different algorithms implement divergent, and sometimes 
mutually contradictory, basic assumptions on the fundamental organization of microbial diversity – see for 
example the discussion on inclusive and exclusive clustering in section 3.2.5.1. Nevertheless, OTUs are often 
used as synonymous surrogates for ‘species’: they provide the backbone for further ecological data description 
and quantitative biological interpretation. However, while a substantial body of literature on unidimensional 
benchmarks of clustering methods against different concepts of ‘optimality’ is available, surprisingly little is known 
about how similarly or dissimilarly they partition datasets. In other words, a truly quantitative understanding of 
the variability introduced by sequence clustering has been lacking.
In the work presented in this thesis, we have quantified this variability for six representative clustering methods: 
hierarchical average, complete and single linkage clustering, as well as heuristic cd-hit, uclust and uparse clustering. 
Manuscript 7.1 discusses a series of experiments which assessed partition similarities at different levels. We 
confirmed previous observations that clustering methods provide markedly divergent total OTU counts, and 
we complemented this finding by showing how these divergences translate to the level OTU size distributions. 
More strikingly, we observed characteristic differences between methods in cluster composition. Figure 6.1 
provides a palpable illustration of these differences for a single datapoint, clustering the human skin microbiome 
(HSM) dataset to 97% nominal sequence similarity. While we observed fluctuating cluster membership of 
sequences between partitions, there were very few cases of ‘truly’ discordant clustering (sequences that 
traversed OTU ‘boundaries’). Rather, most of the observed variation was introduced by differential ‘lumping’ and 
‘splitting’ of defined sets of sequences, with sl usually providing the most comprehensive (inclusive) clusters, 
while uclust and cl provided strongest levels of sub-partitioning.
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Figure 6.1. Differences in cluster composition when clustering the HSM dataset to 97% nominal sequence similarity according to 
different methods (toy models of algorithms in left panel). OTU sets (horizontal bars) showed characteristic variations in sequence 
composition (vertical bands) between methods, as quantified using different measures of  partition similarity (right panel). Figure 
reprinted with detailed discussion in manuscript 7.1.
For the same exemplary datapoint, we quantified the influence of the choice of clustering method on 
ecological data description, based on different estimators of α- and β-diversity for the 21 skin habitats 
represented in the HSM dataset. We found that some methods (especially uclust and sl) provided systematically 
shifted diversity estimates, while others (al, cd-hit and cl) provided highly similar descriptions of the data. 
Moreover, clustering methods also ranked habitats differently by local diversity and pairwise community 
similarity. Thus, bias in ecological data description was introduced on two conceptual levels: absolute diversity 
estimates were systematically shifted between methods, while trends between habitats were also influenced by 
method choice. We could show that these trends and shifts in diversity estimates between methods correlated 
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6.2 Clustering methods are differentially robust to changing parameters
We generalized our observations on differential cluster composition between methods to a global dataset of 
887,870 bacterial 16S sequences, and to a wide range of clustering similarity thresholds. Figure 6.2 shows 
pairwise partition similarities, expressed as Adjusted Mutual Information (AMI), between methods across 
thresholds. We found that in general, maximum partition similarities between methods were off-diagonal – that 
is, comparisons at the same nominal similarity threshold (e.g., ‘97%’) were generally suboptimal. Moreover, while 
some methods provided highly similar partitions across wide threshold ranges (AMI ≥ 0.9 for al, cd-hit and cl), 
others diverged distinctly in similarity to other methods (e.g., uclust) or were more sensitive to changing 
thresholds (sl). These observations are best summed up as differential reproducibility: while al, cl and cd-hit 
provided generally similar partitions of the data, sl, uclust and uparse provided more dissimilar behavior to all 
other methods. We quantified this observation by assessing pairwise similarity between methods as correlation 
of similarities to all other methods (see manuscript 7.1 for a detailed discussion). Moreover, we confirmed these 
trends for the smaller HSM dataset, as well as for other measures of partition similarity (NMI, ARI).
We also assessed reproducibility of clustering methods against ‘themselves’, i.e. when partitioning the same set 
of sequences twice, but in randomized input order (plots on diagonal in Figure 6.2). When clustering twice to 
the exact same nominal threshold, methods provided identical (al, sl, cd-hit, uparse) or nearly identical (cl, uclust) 
partitions; it has to be noted, however, that for the heuristic methods these high levels of replicability were 
probably due to internal sequence sorting, rather than deterministic algorithm behavior. However, when slight 
changes in clustering threshold were introduced (a step-size of 0.2% similarity corresponded to ~2.6 mutations 
across the entire length of 1,301 alignment columns), partition similarities dropped sharply for some methods 
(uclust, uparse), while others were more robust (sl, cd-hit, al) or indeed highly robust across wide threshold 
ranges (cl). Similar trends in robustness to slightly changing thresholds were observed for comparisons between 
methods. They were also confirmed for the HSM dataset, and for NMI and ARI.
Manuscript 7.1 also discusses the robustness of methods to other parameters, notably to clustering context and 
the choice of sequenced SSU gene subregion. By ‘clustering context’ we refer to the scope of the sequence 
space: do clustering methods partition a ‘local’ dataset of defined taxonomic and ecological scope differently 
when the sequence space is enriched, or thinned out (i.e., more sparse)? In other words, is e.g. the ‘local’ HSM 
dataset clustered reproducibly in the presence and absence of the ‘global’ sequence space provided by the full, 
comprehensive SSU dataset? We found that context does indeed influence clustering outcome, but that 
different methods are differentially robust to context effects. In particular, al, and to a lesser extent cl, provided 
highly similar partitions of local datasets regardless of context, while other methods, and in particular uclust, 
were more strongly affected (see Figure 5 in manuscript 7.1). Similarly, methods were differentially robust to the 
choice of SSU sequence subregion, i.e. when comparing partitions of full-length sequences to partitions based 
on subregions V23, V35 or V6. While al, cl and to a lesser extent cd-hit were highly robust, sl and in particular 
uclust diverged markedly in cluster composition between full-length and subregion partitions (see Figure 6 in 
manuscript 7.1).
Our observations in manuscript 7.1 can be summarized in three general statements: (i) clustering methods 
partitioned data differently, and differences in cluster composition could be quantified across thresholds; (ii) 
methods provided differential levels of reproducibility, both in terms of ‘within-method’ reproducibility 
(replicability) and ‘across-method’ reproducibility; (iii) methods were differentially robust to changing clustering 
parameters, such as similarity threshold, clustering context and choice of SSU subregion, and trends in 
robustness between methods were consistent across tests.
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Figure 6.2. Clustering methods are differentially robust to changing similarity thresholds. A global dataset of 887,870 bacterial 16S 
sequences was clustered according to six different methods (rows and columns) to thresholds of 90-100%, in steps of 0.2%. 
Partition similarity across methods and across thresholds was assessed as Adjusted Mutual Information (AMI). Figure reprinted 
with detailed discussion in manuscript 7.1.
These observations are not, in themselves, indicative of clustering ‘quality’ – we compared methods to each 
other, with no notion of ‘true’ or ‘false’ clusterings. Nevertheless, our findings may be relevant and informative to 
practitioners in the field, as they reveal several important trends that previous studies have missed. First, our 
results indicate that biological findings may be comparable between studies for al, cl and cd-hit clustering, albeit 
within limits. In other words, OTU-based ecological descriptions may be portable between datasets for these 
methods. In contrast, sl, uparse and in particular uclust diverged so markedly from other methods that findings 
based on these methods may not be trivially transferable between studies in general.
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Second, small changes in clustering threshold may have a strong impact on biological interpretation for some 
methods, in particular for uclust and uparse. Considering that the tested step size of 0.2% is much smaller than 
differences in clustering thresholds between studies usually are, a meaningful comparison of uclust- and uparse-
based results across studies appears to be virtually impossible. We also note that slight changes in sequence 
length may likely have similar effects, as the 0.2% step size corresponded to an information gain or loss of ~2.6 
nt across the 1,301 alignment columns. In contrast, results for cl, al, cd-hit and sl may be generally more 
comparable across thresholds.
Third, clustering context may differentially impact different methods. We found that a rich, ‘global’ sequence 
space led to significantly different partitions of ‘local’ datasets for some methods (most strikingly, uclust), while 
others (al, cl) were surprisingly robust. In practice, the taxonomic composition of an environment of interest is 
not known a priori, and sequence space ‘richness’ cannot be trivially assessed (unless pairwise sequence 
distances are calculated, which is computationally expensive). For some methods, OTU demarcation may 
therefore be biased by the taxonomic complexity of the community under study, an effect that cannot be 
trivially corrected for between different habitats. To our knowledge, effects of clustering context have previously 
not been described or characterized.
Fourth, the V23 and V35 SSU subregions may provide decent approximations of full-length sequences under 
some clustering regimes (al, cl and to a lesser extent cd-hit), while other methods were highly sensitive to the 
choice of subregion. Several studies have described effects of subregion choice on total OTU counts [50], 
relative dominance of singleton OTUs [57] and compliance with taxonomic ground truth [58], but to our 
knowledge, an objective assessment of differential effects on clustering methods has previously been lacking. 
Indeed, pertaining to wide ranges of clustering thresholds, our findings indicate a generally higher robustness of 
(some) clustering methods than expected based on the reports by Schloss [50], Schloss & Westcott [57] and 
Sun, Cai et al [58]. As targeted high-throughput sequencing of SSU subregions continues to gain importance in 
microbial ecology, our findings may inform study design choices, while also facilitating an informed assessment of 
previously published findings. For example, we note that uclust was the backbone of one of the two 
complementary SSU analysis pipelines for the human microbiome project (HMP) which relied on 454 sequencing 
of the V13 and V35 subregions.
Fifth, we found that total OTU counts are generally poor indicators of partition similarity. We observed that e.g. 
cl provided partitions which varied markedly in total OTU counts across clustering thresholds, but were highly 
robust in terms of cluster composition. Similarly, comparing total OTU counts between methods did not reveal 
similarities in cluster composition, which were usually higher than expected based on relative OTU counts 
alone. Thus, previous benchmarks which relied on total OTU counts may have missed important trends in 
partition similarity. In particular, although cl clustering has often been reported to ‘over-partition’ data (i.e., to 
provide ‘too many’ OTUs), we found that it was highly robust in cluster composition to all tested parameters.
Sixth, we noted that the different tested heuristics approximated hierarchical clustering differentially well. While 
cd-hit was overall remarkably similar to hierarchical al and cl clustering, uparse and in particular uclust diverged 
markedly across all tests. For uparse, this behavior may in part be due to on-the-fly chimera filtering which 
introduced additional flexibility against the uchime-based filtering implemented for all other methods. 
Differences between cd-hit and uclust / uparse may also in part be due differences in sequence distance 
calculation. Nevertheless, cd-hit approximated hierarchical methods better, and also provided higher robustness 
and reproducibility than uclust and uparse in all other tests.
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Lastly, we note that the observed levels in robustness and reproducibility were generally higher than expected 
based on previous reports. In particular, observing similarities across varying clustering thresholds (in ‘two 
dimensions’, as shown in Figure 6.2) revealed off-diagonal maxima in partition similarity that unidimensional 
benchmarks, by design, have failed to capture. Moreover, similarity between methods was robust to wide 
threshold ranges in some cases (e.g., cl vs al and cd-hit), and partitions often varied much more in relative OTU 
counts than in cluster composition. Thus, depending on parameters, OTU demarcation for some methods may 
be comparable across studies, albeit within limits.
6.3 OTUs are generally, though not perfectly, ecologically consistent
The use of OTUs to study microbial communities is fundamentally pragmatic. In theory, ‘optimal’ descriptions of 
microbial diversity would rely on fundamental units of diversity that comply with a unifying concept of 
prokaryotic speciation, thus representing ‘true’ lineages. However, a commonly accepted bacterial species 
concept remains elusive to the point of contesting the very existence of bacterial ‘species’ as such 
[9,113,164,165] – and OTUs provide a phenomenological approach to the problem of organizing microbial 
diversity in practice. Defined as clusters of sequence similarity with respect to specific marker genes, OTUs are 
theory-agnostic, conceptually straightforward and literally ‘operational’ fundamental diversity units. However, the 
question of how well they correspond to ‘true’ bacterial lineages has been a matter of recent debate. The issue 
is additionally complicated by the lack of consensus on how ‘true’ bacterial lineages are defined, or how they 
can be identified from (small-scale) reference sets of marker gene sequences.
One approach to delimiting ‘true’ bacterial lineages that has recently received increasing attention is the ecotype 
model of bacterial speciation [105,166]. Ecotypes are defined as ecologically coherent groups of organisms 
whose diversity is confined by a cohesive genetic force, and thus in principle they reconcile ecological diversity 
units with evolutionary theory. However, although several dedicated algorithms have been developed to 
demarcate ecotypes from marker gene sequence datasets [103,104], the significant computational overhead 
associated with ecotype simulation is prohibitive of their large-scale applicability to real world problems. 
Moreover, it has been noted repeatedly that recognized diversity clusters within several microbial clades conflict 
with ecotype theory (e.g., [165,167]).
Another approach to identifying ‘optimal’ fundamental diversity units has been to benchmark against taxonomic 
‘ground truth’. In this, the underlying assumption is that shared taxonomy implies phylogenetic and ecological 
consistency. Indeed, these are two frequently cited criteria for ‘good’ (i.e., theory-compliant) units of diversity: 
they should reflect phylogeny (by representing monophyletic groups of organisms) and ecology, since ecological 
differentiation has been postulated as an important driver of bacterial speciation [9,103,106,121,166,168,169]. 
But how well do OTUs comply with these criteria?
In the work discussed in manuscript 7.2, we assessed the ecological consistency of OTUs; an assessment of their 
phylogenetic consistency has been provided elsewhere and exceeds the scope of this thesis. We clustered a 
global dataset of 950,014 bacterial, archaeal and eukaryal SSU sequences to varying thresholds according to five 
different methods (al, cl, sl, cd-hit and uclust) and assessed OTU ecological consistency based on sequence 
annotations. Figure 6.3 provides a ‘snapshot’ of selected OTUs for one datapoint (clustering to 97% sequence 
similarity), breaking down individual clusters by annotated habitats.
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Figure 6.3. Ecological consistency of selected OTUs when clustering a global dataset of 950,014 SSU sequences to 97% sequence 
similarity according to different methods. (a) Breakdown of the 10 largest OTU per method by habitat annotation. (b) The 17,462 
sequences of ‘sl OTU 4’ were clustered differently, and generally to higher ecological homogeneity, by the other methods. (c) Nine 
of the largest sampling events contributing to ‘sl OTU 10’; this OTU encompassed sequences from very distinct environments. 
Figure reprinted with detailed discussion in manuscript 7.2.
We observed differential levels of broad-scale ecological consistency for the largest OTUs per clustering 
method at this selected datapoint. While the overall dominating habitat annotation in the dataset, skin 
(annotated to 30.0% of all sequences) also dominated most of the shown OTUs, there were clear differences 
in habitat annotations between methods. For cl and uclust, almost all shown OTUs (except ‘uclust OTU 7’) 
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‘gastric’ and ‘intestinal’. In contrast, several sl OTUs clustered sequences from very diverse environments, with 
the dominant habitat representing as little as 26.6% of sequences in sl OTU 10. Figure 6.3b and 6.3c provide a 
closer look at selected ecologically inconsistent sl OTUs, which contained sequences that were clustered to 
ecologically more homogeneous OTUs by other methods (6.3b) or were shown to encompass sequences 
from very distinct environments (6.3c). Generally, this ecological inconsistency of individual sl OTUs is likely due 
to the inclusive clustering regime, which may lump sequences together that share below-threshold similarity. For 
example, although clustering to a nominal threshold of 97% sequence similarity, the mean pairwise similarity 
between sequences in sl OTU 10 (6.3c) was 95.2%, with individual pairs of sequences sharing as low as 86% 
similarity.
These observations on selected OTUs at an individual datapoint were intentionally anecdotal; moreover, they 
pertained to very broad ecological scales – from a microbial ecologist’s point of view, habitats broadly 
described as ‘aquatic’ or ‘soil’ are arguably sub-structured into a large diversity of ecologically distinct 
environments. To generalize our observations, we developed an Ecological Consistency Score (ECS) which 
quantifies consistency of entire dataset partitions with respect to different ecological features. Intuitively, the ECS 
describes how non-random the enrichment of ecological features in individual clusters is across entire sets of 
OTUs. Figure 6.4 shows ECS values of OTU sets with respect to different ecological features when clustering 
different datasets to a wide range of similarity thresholds (80-99% sequence similarity). The tested ecological 
‘features’ included ecological terms (which provided more fine-scale descriptions than the broad-scale habitat 
annotations discussed above; 6.4a-c), EnvO terms (based on the curated EnvO ontology; 6.4d), sampling site 
information (6.4e) and host taxonomy (6.4f); see section 5.2 for a description of these signals. We found that the 
trends observed in Figure 6.3 for individual OTUs were generally confirmed on a global scale, and across tested 
thresholds. While at high clustering stringencies (i.e., high OTU counts) different methods provided similar levels 
of OTU set ecological consistency across tests, pronounced differences were observed with increasing levels of 
clustering (lower thresholds, fewer OTUs). Trends between methods were robust across tests (ECS from 
highest to lowest): cl, uclust, al/cd-hit and sl. These differences were statistically significant over wide cutoff ranges 
(p < 0.01, t-test on jackknifed ECS estimates; see section 5.6). The marked drop in ECS for sl towards lower 
OTU counts was likely due to incremental lumping of highly dissimilar sequences (see discussion on ‘sl OTU 10’ 
above). Similar effects for cd-hit are less straightforward to interpret, but may likely be associated with this 
heuristic’s distance calculation at comparatively low thresholds (≤90%).
We controlled for different factors that could in theory have driven the observed ECS trends. By using total 
OTU counts rather than nominal clustering threshold as the independent variable (i.e., x-axis), we controlled for 
differential effects of ‘over-splitting’ or ‘over-lumping’ relative to other methods at a common nominal threshold. 
In other words, comparing OTU sets of similar sizes (number of clusters) may to some extent correct for the 
effects of different concepts of ‘clustering distance’ (e.g. inclusive and exclusive regimes) between methods. 
Moreover, the ECS was designed to mathematically correct for OTU count effects, as it takes into account both 
‘positive’ and ‘negative’ enrichment of ecological features, and implements a conservative empirical 
randomization scheme. Indeed, trends in ECS values between methods did not reflect trends in relative OTU 
counts; in particular, uclust generally provided the highest numbers of OTUs, but not the highest levels of 
ecological consistency.
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Figure 6.4. Global-scale ecological consistency of entire OTU sets. (a) Consistency of  ecological terms across OTU sets when 
clustering 887,870 bacterial SSU sequences according to different methods. Error bars indicate jackknifed estimates of ECS 
variability. Data points for OTU sets clustered to 97% nominal sequence similarity are highlighted with a grey shade. For the 
ecological term consistency when clustering 42,402 archaeal sequences (b), or 20,120 eukaryotic 18S sequences (c), as well as 
for the bacterial dataset EnvO term consistency (d), sampling site consistency (e), and host taxonomy consistency (f), error bars 
are not drawn, but variability was in the same range as for (a) (coefficients of variation, 0.06 < cV < 0.08). Figure reprinted with 
detailed discussion in manuscript 7.2.
Our results indicate that OTUs are generally, though not perfectly, ecologically consistent: at the granularities of 
the different tested ecological descriptions, enrichments of sequences sharing similar ecological affiliation were 
highly non-random. Considering that impartial OTU clustering is a largely theory-agnostic approach to defining 
diversity units, the observed levels of ecological consistency are remarkable: although OTUs make no 
assumptions on the evolution of ‘true’ bacterial taxa, they may still provide decent approximations of 
ecologically coherent lineages, at least at the given ecological resolution.
f




















































































Major Results and Discussion
51
Koeppel & Wu recently reported “extensive ecological heterogeneity among OTUs” for very fine-scale habitat 
definitions of two model datasets [104]. Thus, OTU ecological consistency may in fact be a matter of 
perspective: while OTU demarcation may conflict with very high-resolution ecological associations for specific 
environments, we observed general ecological consistency at broader ecological scales.
Are these observed levels of ecological consistency relevant in practice? This question is additionally 
complicated by the recurrent observation that many recognized microbial taxa and many clusters of closely 
related organisms are ecologically plastic. While it has been shown that broad-scale ecological coherence in 
general is deeply rooted in phylogeny ([170]; an observation which we confirmed for our global SSU dataset, 
see Figure 1 in manuscript 7.2), several cases of wide ‘intra-species’ ecological variation have been reported, e.g. 
within the genera Bacillus [171] or Escherichia [118]. Thus, it is not trivial to define ‘optimal’ levels of ecological 
consistency in practice, in particular for the ‘twilight zone’ of uncharacterized, unnamed and uncharted microbial 
diversity. Nevertheless, our findings in general support the use of OTU-based approaches, as OTUs may 
provide ‘good enough’ approximations of ecologically coherent lineages to be useful in practice.
6.4 ‘How good is good enough?’ – OTU ecological consistency and clustering ‘quality’
The results presented in Figure 6.4 showed clear trends in ecological consistency between methods: cl generally 
provided highest, sl lowest levels of consistency, while uclust and al/cd-hit provided intermediate ECS values. 
These differences in ecological consistency may indeed be interpreted as differences in ‘clustering quality’, based 
on the following four main arguments. First, as discussed in the previous section, ecological coherence is one 
main criterion for ‘true’ microbial lineages. In consequence, one may infer that ecological consistency is a useful 
parameter to optimize for in OTU demarcation.
Second, there is a clear correlation between SSU sequence similarity and ecological similarity. This phenomenon 
has been described previously [170,172], and was confirmed on our global SSU dataset (see Figure 1a in 
manuscript 7.2). In general, the observation that closely related taxa (‘species’) share similar ecology, and in 
particular the evolutionary mechanisms underlying this phenomenon, are often referred to as phylogenetic niche 
conservatism [173]; in fact, this observation was already hinted at by Darwin [174]. At the same time, we could 
show for an example dataset that the reverse may also be true: ecologically more closely defined skin habitats 
in the HSM set shared higher levels of internal SSU similarity than expected for the global background dataset 
(Figure 1b in manuscript 7.2). In other words, while SSU similarity is generally indicative of ecological similarity 
(‘more closely related organisms tend to be ecologically more similar’), the reciprocal statement may also be 
true: ecologically consistent groups of organisms may share higher levels of SSU sequence similarity than 
expected for a global background. For the problem of OTU clustering, this means that ecologically consistent 
OTUs may tend to cluster more closely related organisms, which indeed may be interpreted as ‘good’ 
clustering.
Third, microbial taxonomy reflects ecology: taxonomic labels often imply ecological (as well as morphological, 
or biochemical) descriptions of the groups of organisms they refer to. Although taxonomic labels may often fail 
to align with ‘true’ underlying diversity clusters, taxonomic typing of microbial ecology datasets remains 
important in practice – as taxonomic names confer an ‘identity’ to otherwise anonymous OTUs, and as 
taxonomic labels imply functional and ecological meaning. Thus, optimizing for OTU ecological consistency may 
likely facilitate coherent taxonomic descriptions of OTUs.
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Lastly, ecologically consistent diversity units are desirable in microbial ecology applications: when investigating 
ecological properties of microbial communities, ecologically coherent OTUs will arguably be preferable to less 
consistent clusters.
Thus, the results shown in Figure 6.4 may be interpreted in terms of cluster ‘quality’. In this view, cl clustering 
provided biologically more meaningful partitions than the other methods, while sl provided the most 
inconsistent OTU sets. As discussed in the previous section, differences in ECS are likely due to algorithm 
characteristics, rather than technical artifacts. Thus, the generally exclusive clustering regime applied by cl aligned 
well with sequence ecological affiliations, while inclusive sl clustering created clusters of conflicting ecology. 
Somewhat surprisingly, the average similarity-based al clusters achieved intermediate ECS levels. For the 
heuristic methods, the non-deterministic choice of cluster seed sequences may have generally reduced 
clustering accuracy, allowing ecologically heterogeneous sequence pairs to be clustered more frequently; seed 
effects have been described by Sun, Cai et al [58].
The observed trends may also be due to a differential influence of chimeric sequences on different clustering 
methods. Chimeric sequences are formed by template-switching during PCR amplification, and thus exhibit 
chimeric similarity patterns relative to their ‘parent’ strands [40]. Although we applied state-of-the-art chimera 
filtering which removed ~20% of all sequences from the dataset, the reliable identification and removal of 
chimeric sequences remains an open problem, so that a number of sequence chimeras may have remained in 
the dataset. In terms of sequence space, chimeric sequences share partial similarity with both their parent 
strands. As parent strands may share very low sequence similarity, chimeric sequences may thus lie ‘in between’ 
two otherwise unrelated sequence clusters, sharing intermediate similarity to both. Under exclusive clustering 
regimes, merging of two otherwise closely related clusters may therefore be prohibited if one of them contains 
a chimeric sequence that inflates furthest neighbor distance. In contrast, during inclusive sl clustering, chimeric 
sequences may serve as ‘stepping-stones’ that connect two otherwise very distant clusters by nearest-neighbor 
similarity – an effect which is arguably more detrimental. Such lumping of otherwise unrelated clusters may in 
part explain the low levels of ecological consistency observed for sl.
It is difficult to put these findings in the context of other benchmarks of OTU demarcation, not least because 
there is some discrepancy between previously reported trends; see section 3.4. For example, Schloss and 
Westcott [57] found that hierarchical average linkage clustering in mothur outperformed other methods in an 
internal benchmarking study. In contrast, Sun, Cai et al [71] found that their (slightly) heuristic ESPRIT 
implementation of complete linkage clustering outperformed mothur; later, however, Cai and Sun [72] and Sun, 
Cai et al [58] reported that their tool ESPRIT-Tree, implementing al clustering, outperformed all other tested 
methods in an NMI-based benchmark against taxonomic ground truth. These results were later corroborated 
by Bonder et al [66], who also recommended uclust, based on a benchmark for NMI and ‘taxonomic purity’. In 
an earlier study, White et al [82] had found that hierarchical cl clustering, but in particular their proposed 
method ‘VI-cut’ outperformed other methods in a VI-based test against taxonomic ground truth. In contrast, 
Huse et al [53] reported that single linkage pre-clustering to 99% similarity with subsequent average linkage 
clustering best reduced the ‘overestimation’ of OTU counts for a re-sequenced mock community; their results 
were later corroborated by Chen et al on simulated datasets [109].
Thus, while many studies have benchmarked OTU clustering, no single ‘best’ method stands out consistently. 
Nevertheless, several differences between previous tests and our approach are worth pointing out. First, as we 
have discussed above, differences in total OTU counts are not indicative of differences in cluster composition. 
Although most OTU count-based benchmark studies relied on well-defined ground truth datasets, differences 
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in total OTU count (or differential ‘overestimation of diversity’) may thus fail to indicate how well the ground 
truth partition was approximated. In other words, total cluster counts are arguably not a meaningful parameter 
to optimize for.
Second, several of the above-mentioned studies relied on taxonomic ground truths that were obtained using 
taxonomic classification tools such as the RDP classifier [59]. However, classification performance inherently 
depends on reference datasets, which are often biased towards well-studied taxa. Moreover,  the use of 
taxonomic ground truth is arguably problematic in general due to the biased coverage of microbial diversity by 
existing taxonomic namespaces (see section 3.4.2).
Third, for any kind of ground truth-dependent benchmark, NMI and VI are probably unsuited measures: they 
provide shifting baseline values depending on differences in total cluster counts [120]. We note that none of the 
above studies corrected for this effect, but the general impact on interpretation is difficult to estimate.
Although the ECS approach presented here arguably circumvents some of these problems, it too suffers from 
shortcomings. For example, as sampling efforts have generally been biased towards selected environments (in 
particular, the human microbiome), the used dataset is likewise biased in ecological and phylogenetic coverage. 
Moreover, although different ecological signals and granularities were used, ecological resolution was not fully 
consistent across the entire sequence space, and did not reach the levels of detail required for very fine-scale 
descriptions. Nevertheless, we have presented what is to our knowledge the first benchmark of OTU 
demarcation that employs a signal external to both sequence and taxonomy. Moreover, ours is the first 
approach that covers a comprehensive, global survey of available microbial diversity data, so that our findings 
may be applicable beyond microbial ecology.
6.5 Conclusion
The work presented in this thesis revolved around the problem of OTU demarcation from complex 
sequencing datasets. Our findings elucidate the effects of OTU clustering on biological interpretation, and may 
enhance comparability and portability of results across studies. Thus, they may contribute to ongoing efforts 
towards more standardized sequence analysis pipelines. In general, in the debate on ‘optimal’ clustering 
methods, we adopted an outside perspective in manuscript 7.1: we investigated methods relative to each other, 
rather than benchmarking them against a potentially problematic ground truth. In manuscript 7.2, we have 
introduced an alternative approach towards assessing OTU quality – the optimization for ecological 
consistency, a biologically meaningful parameter.
In addition to the above discussion, there are a few conclusions to be drawn from the work presented. First, we 
note that our findings are relevant to reference-based OTU demarcation approaches, which have recently 
received increasing attention. In such protocols, sequences are mapped to curated reference OTU sets, to 
minimize the formation of spurious clusters. However, the accuracy of any such approach depends on the pre-
clustering of the reference sequence set. The global dataset used in our study resembles in scope and level of 
pre-processing the frequently used reference datasets provided by the RDP, Greengenes and SILVA databases.
Second, several trends were consistent across all our tests. In particular, uclust (which is the default method in 
the widely used QIIME pipeline) was highly sensitive to clustering parameters and provided low reproducibility. 
In contrast, hierarchical cl clustering performed surprisingly well across tests: it was highly robust and 
reproducible, while also providing highest levels of ecological consistency. 
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Finally, our findings indicate that de novo OTU clustering is probably not as bad as its general reputation. Several 
high-profile research papers expressed a general skepticism towards OTUs, as they are arguably proxies of 
proxies for proxies (see above). However, we found that, depending on the choice of method, OTU clustering 
may robustly and reproducibly provide clusters that approximate ecologically coherent microbial lineages.
6.6 Outlook
In the so-called technology hype cycle, high-throughput sequencing-based approaches in microbial ecology are 
probably somewhere between the ‘peak of inflated expectations’ and the ‘trough of disillusionment’. Similar to 
the great expectations related to the human genome project around the year 2000, there are at present great 
hopes associated with the recently completed human microbiome project, and to even more ambitious ongoing 
initiatives such as the earth microbiome project. When first released, however, the available human genome 
sequences revealed great gaps in our understanding that continue to require large efforts to be filled (such as 
e.g. the recently published ENCODE project). Similarly, microbiome research, and microbial ecology as such, have 
provided great insights, but they also revealed that the current understanding of the microbial world is narrowly 
confined. Moreover, the interpretation of contemporary high-throughput datasets on microbial communities 
poses several formidable problems. Current sequencing technology enables the study of almost any 
environment to almost arbitrary depths, yet not only computational analysis tools, but also scientific questions 
have arguably lagged behind. Many current studies that provide huge amounts of data are mostly descriptive – 
they report differences in microbial community composition between different habitats, or different treatments, 
etc. But a mere accumulation of more and deeper datasets does not enhance understanding, and principal 
component analysis too frequently remains the pinnacle of scientific endeavor when studying individual 
communities. Eventually, even the largest datasets will only be as informative as the research questions being 
asked. In order to unfold its true potential, I believe that microbial ecology will have to evolve from these data-
driven approaches, back towards a real hypothesis-driven research field.
This transition is arguably happening already. Many recent studies use high-throughput sequencing to 
complement multiple lines of ‘classical‘ microbial ecology evidence, rather than to replace them. At the same 
time, the continuing accumulation of data on a wide array of distinct environments also enables the study of 
global patterns and phenomena; e.g., there has recently been an increased interest in microbial co-occurrence 
networks generated from large meta-studies. Finally, increased data availability provides the context to identify 
and characterize the (few) remaining uncharted territories of microbial diversity.
Improved and more standardized computational analysis tools will be essential to these developments. In most 
approaches, OTU clustering plays an integral part, and will likely continue to do so. That is, until analyses at the 
level of individual sequences become computationally attainable – which would probably make sequence 
clustering superfluous, but which is unlikely to happen anytime soon given the current developments in 
sequencing technology. Similarly, high-throughput methodologies to study microbes at single-cell level are 
actively being developed, but their application to complex microbial ecology problems is still in its infancy. There 
are continuing efforts to further improve and refine clustering methods, e.g. by introducing additional 
(ecological) signals to inform sequence clustering. An objective assessment of methods, the development of 
impartial benchmarks and an optimization for biologically meaningful parameters will be essential to make 
informed choices, and to establish robust standards. Approaches as presented in this thesis have yet a part to 
play in this process.
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The demarcation of Operational Taxonomic Units (OTUs) from complex sequence datasets is a 2 
key step in contemporary studies of microbial ecology. However, as biologically motivated ‘optimal’ 3 
OTU binning algorithms remain elusive, many conceptually distinct approaches continue to be 4 
used. Using a global dataset of 887,870 bacterial 16S rRNA sequences, we objectively quantified 5 
biases introduced by several widely employed sequence clustering algorithms. We found that 6 
OTU-binning methods often provided surprisingly non-equivalent partitions of identical datasets, 7 
notably when clustering to the same nominal similarity thresholds; and we quantified the resulting 8 
impact on ecological data description for a well-defined human skin microbiome dataset. We 9 
observed that some methods were very robust to varying clustering thresholds, while others were 10 
found to be highly susceptible even to slight threshold variations. Moreover, we comprehensively 11 
quantified the impact of the choice of SSU gene subregion, as well as of dataset scope and 12 
context on algorithm performance. Our findings may contribute to an enhanced comparability of 13 
results across sequence processing pipelines, and we arrive at recommendations towards higher 14 
levels of standardization in established workflows.15 
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High-throughput sequencing technology has enabled the characterization of microbial communities 2 
at ever-increasing resolutions: individual environments have been probed to depths of millions of 3 
sequences, and even smaller-scale studies may routinely provide hundreds of thousands of reads. 4 
While cultivation-independent whole-genome sequencing has received increasing attention in the 5 
functional characterization of individual communities (The Human Microbiome Project Consortium, 6 
2012a), targeted surveys for specific taxonomic marker genes, such as the 16S rRNA gene (Lane 7 
et al., 1985; Olsen et al., 1986), remain integral to many contemporary studies of microbial 8 
ecology. An essential first step in analyzing targeted 16S sequencing datasets is often the 9 
demarcation of basic units of diversity, ideally corresponding to ‘true’ microbial lineages that were 10 
present in the sample (Gevers et al., 2005; Cohan, 2006; Koeppel et al., 2008). However, in the 11 
absence of a unifying bacterial species concept (Doolittle and Papke, 2006; Achtman and Wagner, 12 
2008; Doolittle and Zhaxybayeva, 2009), biologically motivated ‘optimal’ diversity unit definitions 13 
remain elusive, and a pragmatic approach is usually taken in practice: Operational Taxonomic 14 
Units (OTUs), defined as clusters of 16S sequence similarity, are used to approximate microbial 15 
taxa. Since OTU demarcation from complex 16S datasets is conceptually straightforward and often 16 
computationally efficient, OTUs are the backbone of established workflows for the ecological 17 
characterization of microbial communities, such as mothur (Schloss et al., 2009) and QIIME 18 
(Caporaso et al., 2010). 19 
As the identification of ‘optimal’ partitions of large 16S datasets remains an open problem, a wide 20 
variety of OTU-binning methods have been developed. Traditionally, hierarchical clustering 21 
algorithms (implemented e.g. in mothur, ESPRIT (Sun et al., 2009) and hpc-clust (Matias 22 
Rodrigues and von Mering, 2014)) have been widely used, as have their heuristic approximations 23 
which include cd-hit (Li and Godzik, 2006; Fu et al., 2012), uclust (Edgar, 2010), uparse (Edgar, 24 
2013), ESPRIT-Tree (Cai and Sun, 2011), DySC (Zheng et al., 2012), MSClust (Chen, Cheng, et 25 
al., 2013), mBKM (Wei et al., 2012) and LSH (Rasheed et al., 2013). While these methods rely on 26 
‘hard’ clustering thresholds, several ‘soft-threshold’ or ‘threshold-less’ approaches have been 27 
proposed, including CROP (Hao et al., 2011), M-Pick (Wang et al., 2013) and BEBaC (Cheng et 28 
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4 
al., 2012). Moreover, several algorithms rely on additional external data, either in the form of 1 
reference OTUs (e.g., ‘reference-based OTU picking’ strategies as implemented in QIIME), or in 2 
the form of additional biological signals, notably ecotype simulation (Koeppel et al., 2008), the tree-3 
based EPA-PTP (Zhang et al., 2013) or distribution-based clustering (Preheim et al., 2013). 4 
Given this diversity of available methods, several studies have aimed to identify those OTU-binning 5 
strategies which provide the ‘best’ partitions with respect to different objectives. The arguably most 6 
straightforward parameter to optimize for is the total number of clusters, as OTU counts serve as 7 
basis for estimates of community richness. Consequently, various studies have benchmarked OTU 8 
definitions based on total cluster counts, usually by assessing their overestimation of diversity with 9 
respect to test sets of known taxonomic composition, obtained by simulation or sequencing of 10 
mock communities (Sun et al., 2009; White et al., 2010; Huse et al., 2010; Schloss, 2010; Barriuso 11 
et al., 2011; Bonder et al., 2012; Chen, Zhang, et al., 2013). Other benchmarking strategies 12 
include dataset-internal quality measures (optimizing the ratio of specificity and sensitivity with 13 
respect to known input, e.g. by Schloss and Westcott, 2011; Li et al., 2012; Chen, Zhang, et al., 14 
2013; Preheim et al., 2013) and external benchmarking against ‘ground truth’ datasets, optimizing 15 
for ‘taxonomically pure’ clusters (White et al., 2010; Sun et al., 2011; Cai and Sun, 2011; Bonder et 16 
al., 2012; Wang et al., 2013; Chen, Zhang, et al., 2013). More recently, OTU-binning methods 17 
have also been evaluated with respect to ecological consistency, by us and others (Koeppel and 18 
Wu, 2013; Schmidt et al., 2014). 19 
Additional flexibility in 16S sequence processing workflows is introduced at several further levels, 20 
notably when removing sequencing noise and filtering for chimeric sequences (e.g., Schloss et al., 21 
2011; Bonder et al., 2012), by sequence alignment strategies (White et al., 2010; Schloss, 2010; 22 
Barriuso et al., 2011; Sun et al., 2011; Wang et al., 2011; Schloss, 2012) and by sequence 23 
distance calculation (Schloss, 2010; Barriuso et al., 2011); however, these factors have been 24 
extensively discussed previously and are beyond the scope of our current study. Here, we are 25 
mainly concerned with the differences introduced by algorithmic choices, at the heart of the 26 
sequence clustering step. 27 
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5 
Given the large flexibility at different levels, considerable efforts have been made to integrate and 1 
standardize workflows into one-stop-pipelines such as mothur, QIIME or cd-hit-otu (Li et al., 2012). 2 
However, in spite of these efforts and of a substantial body of literature on benchmarks, ‘optimal’ 3 
OTU demarcation strategies remain elusive, and the choice of methods and parameters varies 4 
considerably between studies. In consequence, it is generally difficult to compare ecological 5 
descriptions across studies, and study design is sometimes redundant, implementing 6 
complementary data analysis strategies to control for effects on biological interpretation – for 7 
example, the human microbiome project data was analyzed using multiple workflows, relying on 8 
mothur (average linkage clustering) and QIIME-uclust (The Human Microbiome Project 9 
Consortium, 2012b). Moreover, in spite of substantial efforts to benchmark OTU demarcation 10 
strategies, surprisingly little is known about the systematic differences between methods. It is not 11 
clear how similar approaches ar  in terms of resulting cluster composition, and how putative 12 
differences may bias biological interpretation beyond richness estimates. In other words, although 13 
OTU-binning strategies have been benchmarked extensively against varying concepts of 14 
‘optimality’, systematic differences between methods are currently not well understood. 15 
In this study, we explore limits to robustness and reproducibility in the demarcation of OTUs. We 16 
pursue a simple unifying question: how similar are different clustering methods? We approach this 17 
problem from various angles and quantify differences between five widely used clustering 18 
algorithms (average, complete and single linkage clustering, as well as the heuristics cd-hit and 19 
uclust) and for the recently published uparse, which implements adaptive on-the-fly chimera 20 
filtering. We selected these methods, because (i) they are capable of processing very large 21 
datasets, (ii) they are widely used in general and (iii) the rely on sequence data only (and not on 22 
external reference OTUs or additional phylogenetic or ecological signals to inform sequence 23 
clustering). We first revisit and quantify the observation that these methods generally provide 24 
diverging total cluster counts, and complement this earlier finding by investigating how these 25 
differences propagate to the level of cluster size distributions. We then turn our focus towards 26 
cluster composition and investigate how concordant the methods are when partitioning the very 27 
same set of sequences. In other words, do different methods tend to form consistent clusters, i.e. 28 
do they group similar sets of sequences? We first approach this question anecdotally, by re-29 
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6 
analyzing the well-studied human skin microbiome dataset for an individual clustering threshold, 1 
for which we explore how differences between methods translate to biases in ecological 2 
descriptions. We then broaden the scope of investigation to studying a global, comprehensive 3 
survey of publicly available full-length 16S sequence data across a wide range of clustering 4 
thresholds. In particular, we assess how robust methods are against slightly changing thresholds, 5 
and how reproducible partitions are across methods and thresholds. Finally, we assess robustness 6 
to changing clustering context (i.e., how does rich/sparse sequence space influence OTU 7 
demarcation?) and to the choice of 16S gene subregion. 8 
9 
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Sequence data & preprocessing 2 
We generated a comprehensive global SSU sequence dataset as described previously (Schmidt et 3 
al., 2014); see Text S1 for further details. In short, we parsed available full-length 16S rRNA gene 4 
sequences from NCBI GenBank (Benson et al., 2013) and from the genomes available in the NCBI 5 
Reference Sequence Database (RefSeq, Pruitt et al., 2011). After removing ~20% of total 6 
sequences that were flagged as chimeric by uchime (Edgar et al., 2011), we aligned the remaining 7 
sequences to a reference model for bacterial 16S (provided in the package ssu-align, Nawrocki, 8 
2009) using Infernal (Nawrocki et al., 2009) and pruned away any terminal nucleotides that aligned 9 
outside of two manually chosen, well-conserved start- and end-positions. After these steps, our 10 
dataset comprised 887,870 aligned, near full-length bacterial 16S sequences. 11 
From this global dataset, we extracted two smaller, ‘local’ datasets for in-depth analyses: the 12 
human skin microbiome (HSM) dataset (Grice et al., 2009), comprising 90,620 sequences after 13 
filtering and alignment; and an artificial dataset of broad ecological range (BER), combining 53,999 14 
sequences from 18 studies focusing on distinct, unrelated environments (see Table S1). 15 
Moreover, we generated three global datasets of ‘short read’ sequences, by extracting subregions 16 
V23 (pos 107-536 in the Infernal model, length 429nt, corresponding to 105-514 in the E.coli 16S 17 
sequence; E.coli reference positions as used by Schloss, 2010), V35 (378-931, length 553nt, E.coli 18 
357-906) and V6 (1012-1072, length 60nt, E.coli 986-1045). 19 
 20 
Sequence clustering into Operational Taxonomic Units 21 
We clustered sequences into OTUs using three hierarchical clustering algorithms (average, 22 
complete and single linkage) and three heuristic methods (cd-hit, uclust and uparse). For every 23 
method, we clustered to varying thresholds between 90% and 100% sequence identity (in steps of 24 
0.2%; 92-100% for al, 90-99% for uclust and uparse, see Text S1). We generated OTU sets using 25 
cd-hit (version 4.5.4, Build 2012-08-25, Fu et al., 2012) in cd-hit-est mode (default for the cd-hit-otu 26 
pipeline) from unaligned sequences using standard parameters. The uclust (version 6.0.307, 27 
Edgar, 2010) series of OTU sets was generated from unaligned sequences using the uclust 28 
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software with the cluster_fast option and standard parameters. As uparse (Edgar, 2013) combines 1 
OTU clustering with on-the-fly filtering for chimeric sequences, we used the full, unaligned, non-2 
chimera-filtered sequence dataset for uparse runs and subsequently mapped shared sequences 3 
between uparse partitions and the uchime-filtered dataset used for the other clustering methods. 4 
Hierarchical average, complete and single linkage clustering were performed using our recently 5 
developed software package hpc-clust (Matias Rodrigues and von Mering, 2014), using the 6 
onegap sequence distance calculator (counting gaps as single mismatches). See Text S1 for 7 
additional details and parameters. 8 
 9 
Assessing OTU set similarity 10 
We assessed pairwise similarities between OTU sets using three distinct measures, namely 11 
Normalized Mutual Information (NMI, Fred and Jain, 2003), Adjusted Mutual Information (AMI, 12 
Vinh et al., 2009) and the Adjusted Rand Index (ARI, Hubert and Arabie, 1985); see Text S1 for 13 
further details. All three measures quantify the similarity in cluster composition between partitions 14 
(OTU sets): NMI, AMI and ARI values of 1 indicate perfectly identical clusterings.15 
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Quantitative differences between OTU definitions 2 
When studying microbial communities, a crucial first step is often the characterization of local 3 
community complexity, richness and evenness, collectively referred to as α-diversity. Many 4 
measures of α-diversity rely on the total number of unique taxa observed in a sample 5 
(approximated by OTUs in practice), as well as their relative abundances. In consequence, several 6 
studies have used total cluster counts to benchmark OTU definitions (Sun et al., 2009; White et al., 7 
2010; Huse et al., 2010; Schloss, 2010; Barriuso et al., 2011; Bonder et al., 2012; Chen, Zhang, et 8 
al., 2013). 9 
To confirm and refine such previous observations, we clustered a global dataset of 887,870 near 10 
full-length bacterial 16S sequences using six different methods: average linkage (al), complete 11 
linkage (cl), single linkage (sl), cd-hit, uclust and uparse. We observed systematic shifts in total 12 
cluster counts between methods (Figure 1A; Table S2): when clustering to the same nominal 13 
sequence similarity threshold, sl provided the lowest, uclust the highest total OTU counts. All 14 
methods showed exponentially increasing counts with increasing clustering stringency, with over-15 
exponential increases at very high similarities (≥98/99%). Interestingly, log-linear slopes were 16 
almost identical for al, cl and cd-hit, while uparse and sl diverged significantly; strikingly, the curve 17 
for uclust was not perfectly monotonous in the 96-97% threshold range. 18 
These differences in overall cluster counts translated to differences in cluster size distributions. At 19 
a nominal similarity threshold of 97%, all tested methods provided differentially skewed OTU size 20 
histograms, with small OTUs (≤100 sequences) being notably overrepresented for uclust and 21 
underrepresented for sl (Figure 1B). Indeed, while sl clustered 78.8% of sequences into the largest 22 
1.5% of OTUs (≥100 sequences), the largest 1% of uclust OTUs contained only 40.3% of total 23 
sequences; all other methods provided intermediate behavior (Figure 1C). 24 
25 
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10 
Differences in OTU composition between clustering methods 1 
How do such differences in total cluster count and cluster size distribution translate to the level of 2 
individual OTUs? How similar are the various clustering methods with regard to the actual cluster 3 
composition? To approach these questions in a concrete example, we clustered 90,620 sequences 4 
of the well-studied human skin microbiome (HSM) dataset to 97% sequence similarity and traced 5 
sets of sequences (vertical bands) throughout the OTU sets (horizontal bars) in an alluvial flow 6 
diagram (Figure 2). Clearly, the tested OTU definitions provided markedly distinct partitions with 7 
respect to both cluster composition and cluster counts and sizes. While some clusters (e.g., ‘OTU 8 
A’) were almost identical between partitions, other sets of sequences showed characteristic 9 
behavior for the different clustering methods. Single linkage tended to produce large, 10 
comprehensive clusters (e.g., ‘OTU B’), lumping together sequences that would be split into 11 
multiple smaller OTUs by the other methods; this is in line with the generally inclusive single 12 
linkage algorithm (see also Figure 2, left panel). In contrast, both cl (e.g., ‘OTU C’) and uclust (e.g., 13 
‘OTU D’) tended to split sequences into more and smaller clusters; in particular, these methods 14 
also clustered more sequences into ‘small’ OTUs (≤100 sequences, horizontal grey bars and 15 
dotted grey sequence band), which is in line with their ‘splitting’ behavior and the above 16 
observations on total cluster counts and size distributions. However, in spite of highly fluctuating 17 
partitions between methods, there were remarkably few cases of truly discordant clustering 18 
(sequences that completely traversed OTU boundaries), at least at the given resolution. Rather, 19 
differences between sets were almost always due to differential ‘lumping’ or ‘splitting’ of OTUs, 20 
although in some cases, the heuristic methods generated counterintuitive sub-partitions (e.g., 21 
sequences from ‘OTU C’ clustered into one large uclust OTU that contained parts of several 22 
smaller uparse and cd-hit OTUs). 23 
We used several measures to quantify the observed differences between sets (Figure 2, right 24 
panel, and Table 1): we assessed pairwise set similarity in terms of relative total OTU count (as 25 
binary log ratio, OCrel), as well as in terms of cluster composition, using Normalized Mutual 26 
Information (NMI), Adjusted Mutual Information (AMI) and the Adjusted Rand Index (ARI; see Text 27 
S1). We observed that uclust and sl provided the most dissimilar partitions (NMI = 0.81, AMI = 28 
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0.80, ARI = 0.76, OCrel = ±1.56), while al and cd-hit were the most similar (NMI = 0.96, AMI = 0.96, 1 
ARI = 0.95, OCrel = ±0.11). 2 
 3 
Qualitative differences between clustering methods may bias biological 4 
interpretation 5 
To test how these differences in cluster counts and composition may influence biological 6 
interpretation, we re-analyzed the HSM dataset with respect to different ecological parameters. For 7 
the 21 skin sites sampled in the original HSM study, we estimated local diversity (α-diversity) 8 
based on three widely used measures: (i) the Chao1 index, an abundance-based richness 9 
estimator which corrects for rare (unseen) classes (Chao, 1984); (ii) the inverse Simpson index, a 10 
classical abundance-weighted diversity measure (Simpson, 1949); and (iii) the entropy-based 11 
Shannon index (Shannon, 1948). Moreover, we assessed pairwise community similarity between 12 
habitats (β-diversity) using three different methods: (i) the abundance-informed Sørensen-Dice-13 
Czekanowski (SDC) similarity index, which is closely related to the more well-known Bray-Curtis 14 
dissimilarity (Dice, 1945; Bray and Curtis, 1957); (ii) the Morisita-Horn (MH) overlap index (Horn, 15 
1966); and (iii) Chao’s abundance-based Jaccard (Jabd) index, which corrects for rare classes 16 
(Chao et al., 2004); see Text S1 for more details. The results across different clustering methods 17 
are shown in Figure 3 and Table S3. 18 
We observed that clustering methods generally provided highly divergent α-diversity estimates: 19 
e.g., Chao1 richness estimates differed by up to 7.4-fold for individual samples (‘inguinal crease’, 20 
uclust versus sl, Figure 3A). Average shifts in diversity estimates were often systematic across 21 
samples and statistically significant (Figure 3B): uclust provided significantly higher diversity 22 
estimates than other methods (binary log ratio, 1.347-2.033 for Chao1, 0.073-0.853 for inverse 23 
Simpson, 0.292-0.642 for Shannon), while sl estimated systematically lower diversities and the 24 
other methods provided intermediate behavior. Nevertheless, all methods generally ranked the 21 25 
samples similarly by diversity. In particular, al, cl and cd-hit provided very similar diversity trends 26 
(Pearson correlation across samples, 0.977-0.993 for Chao1, 0.969-0.989 for inverse Simpson and 27 
0.991-0.998 for Shannon, Figure 3B), while for uclust and uparse, trends were considerably less 28 
Page 11 of 59
Wiley-Blackwell and Society for Applied Microbiology
For Peer Review Only
 
12 
similar to other methods (Pearson correlation, lower limit of 0.434, Shannon index uclust vs 1 
uparse). 2 
We observed similar effects for estimates of β-diversity. When comparing all pairwise community 3 
similarities between skin samples, al, cl and cd-hit provided very similar trends (Pearson 4 
correlation, 0.920-0.957 for SDC, 0.932-0.993 for MH, Jabd generally lower; Figure 3B), while 5 
uclust, uparse and sl provided lower correlations to other methods. Interestingly, MH estimates 6 
correlated very well (>0.9) between all methods except uparse, while Jabd provided comparatively 7 
low correlations (0.358-0.886); the latter effect is probably due to the correction for ‘rare’ (unseen) 8 
taxa implemented in Jabd, which will differentially distort community similarities according to OTU 9 
abundance distributions. SDC and Jabd estimates of community similarity were systematically lower 10 
for uclust (Mann-Whitney-U test, p < 3*10-10) and higher for sl (p < 1.4*10-14) when compared to all 11 
other methods. Systematic shifts in estimated community similarity between al, cd-hit and cl were 12 
far less pronounced, but sometimes statistically significant. 13 
Thus, the choice of clustering method clearly had a significant impact on the ecological 14 
characterization of the HSM dataset; generally, uclust, uparse and sl deviated most in their 15 
descriptions of the data, while al and cd-hit, and to a lesser extent also cl, were more similar in 16 
diversity estimates between themselves. Next, we tested how these trends between clustering 17 
methods were captured by different measures of partition similarity (given in Table 2). In other 18 
words, we asked whether differences in cluster counts and cluster composition between methods 19 
may predict differences in ecological descriptions of the dataset. We found that in general, relative 20 
OTU counts between partitions (OCrel) and ARI, AMI and NMI similarities correlated well with 21 
trends in Chao1 (Spearman correlation of pairwise partition similarities with diversity correlation 22 
across habitats, 0.861-0.886, Table 2). Correlations with trends in inverse Simpson, Shannon, 23 
SDC and Jabd were less pronounced, and trends in MH were moderately captured only by ARI 24 
similarity (Spearman correlation, 0.767). Systematic shifts in diversity estimates between methods 25 
in general corresponded well to trends in ARI, AMI and NMI for all diversity estimates except MH 26 
and inverse Simpson. Relative OTU counts were particularly poor indicators for shifts in the latter 27 
two estimators, but reasonably good indicators for the OTU count-correcting indices Chao1 and 28 
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Jabd, as expected. Thus, ARI, AMI and NMI similarities between partitions provided by different 1 
clustering methods were generally indicative both of differential trends in diversity estimates, as 2 
well as of their systematically shifted absolute values. In other words, differences between 3 
methods in cluster composition may in part explain biased diversity estimation between methods; 4 
when comparing two clusterings of the same data, ARI, AMI and NMI may in general indicate how 5 
biased these sets will be for downstream ecological descriptions. 6 
 7 
General trends in robustness, reproducibility and similarity 8 
In the previous sections, we have discussed how the choice of clustering method may influence 9 
biological interpretation of 16S sequence data. However, these findings are arguably anecdotal: 10 
they pertain to only one datapoint (clustering to 97% nominal similarity) for a defined model 11 
dataset. To generalize our observations, we clustered the 90,620 sequences in the HSM dataset to 12 
similarity thresholds between 90% and 100% (in steps of 0.2%) and calculated pairwise partition 13 
similarities for all combinations of clustering methods and thresholds as AMI, NMI and ARI 14 
(Figures S1-3; Tables S4-6). Moreover, to further broaden the scope of investigation, we 15 
performed a similar experiment on a global dataset of 887,870 bacterial 16S sequences, sampled 16 
from a wide array of environments (Figures 4, S4-5; Tables S7-9). 17 
We observed that al, cd-hit and cl generally provided high partition similarities between themselves 18 
over wide cutoff ranges (AMI / NMI / ARI ≥ 0.9), while sl, uclust and uparse provided reasonably 19 
high partition similarities to other methods for the HSM dataset, but considerably lower similarities 20 
for the global dataset. In most cases, maximum partition similarities between two given methods 21 
were off-diagonal, indicating that nominal clustering thresholds were not directly equivalent across 22 
algorithms. For all methods, and at any threshold, best matches to sl partitions were shifted 23 
towards higher nominal thresholds for sl; in other words, when clustering e.g. to 97% similarity 24 
using complete linkage, the most similar sl partition was at >97% sl clustering. The reverse was 25 
true for uclust, and to a lesser extent cl: for these methods, maximum similarities to other methods 26 
were shifted towards lower nominal clustering thresholds (e.g., al clustering at 97% most similar to 27 
cl <97%). These effects are in line with the inclusive (‘lumping’) and exclusive (‘splitting’) nature of 28 
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the sl and cl/uclust algorithms. Uparse provided comparatively low similarities to all other methods 1 
across tested thresholds; this is likely due to uparse’s on-the-fly chimera filtering which removed 2 
different sets of sequences than our pipeline for the other methods – although we corrected for this 3 
effect by calculating partition similarity based only on shared sequences. Moreover, uparse 4 
reproducibly crashed when clustering to individual intermediate thresholds (such as 94%, 96% or 5 
98.2%; see Text S1). 6 
To test how robust clustering methods were against slight changes in similarity thresholds, we re-7 
clustered the same datasets, but randomized the order of sequences (comparisons against ‘self’, 8 
diagonals in Figure 4). When clustering twice to the same threshold, all methods reproduced 9 
nearly identical partitions; note that for the heuristic methods, this is probably due to forced or 10 
internal sequence sorting, rather than deterministic algorithm behavior. However, even slight 11 
variations in threshold (increments of 0.2% corresponded to ~2.6 differences across 1301 12 
alignment columns) had strong impacts on uclust and uparse. Effects on cd-hit and sl were less 13 
drastic, while cl and al were robust even to wider threshold variations.  14 
We observed similar trends in robustness against varying thresholds when comparing partition 15 
similarities across methods. For uclust and uparse, similarity to other methods generally fluctuated 16 
with slightly changing clustering thresholds (vertically/horizontally ‘striped’ profiles in Figure 4), 17 
while similarities between the other tested methods were generally more robust. At very high 18 
similarity thresholds (≥99%), partition similarities dropped markedly for all methods, both when 19 
comparing between methods, as well as between different runs for the same method; this is likely 20 
due to very low levels of clustering at high stringencies (few sequences are clustered, most remain 21 
in singletons or very small OTUs). 22 
As differences in total OTU counts have previously been used to benchmark clustering methods, 23 
we tested how predictive relative OTU counts were of differences in cluster composition 24 
(Spearman correlation of absolute binary log OTU count ratios, OCrel, and AMI / NMI / ARI across 25 
thresholds, Table 3). We found that OCrel correlated well with AMI, NMI and ARI for methods that 26 
provided generally similar partitions (e.g., al and cd-hit, correlation 0.858-0.945). However, for 27 
most pairwise comparisons of methods, only moderate or low correlations were observed: in 28 
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particular when comparing generally dissimilar methods, the difference in total OTU counts was a 1 
weak indicator of differences in cluster composition (e.g., sl and uparse, correlation 0.012-0.310). 2 
Indeed, the generally high AMI, ARI and NMI values across wide threshold ranges for some 3 
methods (in particular pairwise comparisons of al, cl and cd-hit) indicated that these methods 4 
provided partitions which were similar in spite of marked differences in OTU count. In other words, 5 
even though forming different total numbers of clusters, these methods tended to agree in OTU 6 
composition. 7 
Finally, we assessed differential reproducibility between clustering methods, using partition 8 
similarities against other methods as a common reference. For all pairs of clustering methods, we 9 
correlated pairwise similarities to all other tested methods across thresholds; in other words, we 10 
asked how predictive the partition similarity of method A to a reference method X at a given 11 
threshold T was for the partition similarity of method B to method X at T% clustering (see also Text 12 
S1). We found that al and cd-hit behaved the most similarly (Spearman correlation, 0.991-0.993 for 13 
AMI and NMI; ARI generally lower; Table 4), while both methods were very similar to cl (0.853-14 
0.915 and 0.830-0.899) and uparse (0.918-0.965 and 0.934-0.976). Moreover, cl also correlated 15 
well with uclust (0.892-0.924) and uparse (0.813-0.825). In contrast, sl provided low, and 16 
sometimes even slightly negative, correlations to other methods. We observed similar trends when 17 
assessing absolute differences in partition similarities relative to other methods (Figure S6). 18 
Notably, comparisons of relative OTU counts across methods provided very different correlations 19 
between methods, indicating that similar total OTU counts were generally not predictive of similar 20 
cluster composition. 21 
22 
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A matter of perspective: sequence space and context affect OTU clustering 1 
When comparing general trends in partition similarity for the well-defined HSM dataset (Figures 2 
S1-3) and the ‘global’ 16S set (Figures 4, S4-5), we observed that similarities between methods 3 
depended on the dataset: pairwise similarities and robustness to wide-range threshold changes 4 
were generally lower for the global set of 887,870 sequences than for the HSM. We hypothesized 5 
that these effects were due to differences in sequence space and context between the sets: the 6 
HSM set was arguably ‘local’, in the sense that it represented a more focused survey of microbial 7 
diversity than the comprehensive ‘global’ set. 8 
To explore this hypothesis, and to quantify the differential impact of sequence context on clustering 9 
methods, we investigated two ‘local’ sets of sequences: (i) the HSM dataset, as described above; 10 
and (ii) an artificial dataset of 53,999 sequences from 18 samples of broad ecological range (BER; 11 
see Table S1). These sets covered very distinct sequence spaces: sequences in the HSM set 12 
shared significantly higher pairwise similarities than expected for the global set (Mann-Whitney-U 13 
test, p << 10-16, Figure 5A), while for the BER set, sequences were significantly less similar (p << 14 
10-16). In other words, the HSM was indeed a more ‘compact’ subset of the global sequence set, 15 
while BER sequences were more dispersed, as illustrated in the toy sequence space 16 
representation in Figure 5. 17 
We re-clustered both the HSM and BER sets twice – once in the presence, and once in the 18 
absence of the remaining sequences from the global set. We found that methods were 19 
differentially robust to clustering context, both in terms of total OTU counts (Figure 5B) and cluster 20 
composition (Figure 5C). While al, and to a lesser extent cd-hit, provided very similar cluster 21 
counts and compositions (AMI ≥ 0.9) across thresholds regardless of context, sl and in particular 22 
uclust were more strongly affected, providing up to 2-fold more (sl) or less (uclust) OTUs. 23 
Complete linkage provided diverging total cluster counts, but OTUs were highly similar by 24 
composition (AMI ≥ 0.94 at thresholds ≤ 98%). Generally, all methods except sl provided fewer 25 
OTUs under ‘local’ clustering, likely due to the absence of sequences which ‘broke’ OTUs into 26 
subclusters when partitioning a richer, global sequence space. In contrast, for sl a richer context 27 
would provide ‘stepping-stone’ sequences, connecting OTUs by closest-neighbor similarity which 28 
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remained separated under sparse, local context. Moreover, we observed that effects were 1 
generally more pronounced with decreasing thresholds (decreasing clustering stringency), except 2 
for uclust, which showed inverse behavior (higher AMI towards lower thresholds). Finally, al, cd-hit 3 
and cl showed a pronounced drop in partition similarity at very high thresholds (≥99%); note that 4 
uclust and uparse did not cluster the global set to these high stringencies. 5 
We observed that effects were generally more pronounced for the HSM than for the BER set. 6 
Thus, the interpretation of focused datasets of ecologically similar samples, such as different skin 7 
habitats, may be more susceptible to clustering context than the arguably less realistic use-case of 8 
an ecologically broad set with dispersed sequence space. However, clustering context did have a 9 
significant impact in both scenarios. 10 
 11 
Clustering methods are differentially robust to the choice of 16S gene 12 
subregion 13 
Many contemporary studies in microbial ecology rely on sequencing of short, hypervariable 14 
subregions of the 16S gene, rather than of the full-length molecule, mostly for reasons of 15 
throughput and cost efficiency. To test how the choice of 16S subregion may affect clustering 16 
methods, we extracted datasets on subregions V23, V35 and V6 from the global alignment (see 17 
Methods and Figure 6A). While V23 and V35 approximated the subregions used in the human 18 
microbiome project (The Human Microbiome Project Consortium, 2012b), V6 has been a popular 19 
target in many Illumina-based studies (see e.g. Huse et al., 2010). 20 
We found that partitions based on the different subregions generally diverged from clusterings of 21 
full-length 16S sequences. Across tested methods, V23 and V6 generally provided more OTUs 22 
than full-length 16S at lower thresholds, but fewer OTUs at higher stringencies, while V35 provided 23 
consistently fewer clusters (Figure 6B). Differences in OTU count were more pronounced for V6  24 
than V23, while V35 was generally least affected; note that these results are in line with earlier 25 
findings by Schloss (2010) on different alignment and distance calculation methods for a smaller 26 
test dataset, and with findings by Kim et al (2011) on differences between subregions. The notable 27 
‘spikes’ in V6 relative OTU counts and the generally discrete behavior for V23 and V35 were due 28 
Page 17 of 59
Wiley-Blackwell and Society for Applied Microbiology
For Peer Review Only
 
18 
to sequence length effects at the given resolution: e.g. for the 60bp long V6, a single nucleotide 1 
mismatch corresponds to 1.67% sequence distance. Similarly, when clustering to the same 2 
nominal threshold, V23 and V35 were generally more similar to full-length 16S in cluster 3 
composition (AMI ≥ 0.8-0.9, Figure 6B) than V6, although partition similarity usually dropped 4 
markedly at very high thresholds (≥99%). 5 
Clustering methods were differentially robust to the choice of 16S subregion. While al was least 6 
affected in terms of relative OTU counts, al, cl, sl and uparse were the most robust in terms of 7 
cluster composition. Uclust showed very similar (but comparatively low) partition similarities to full-8 
length clustering for all tested subregions. When comparing partition similarities across varying 9 
thresholds (Figure 6C), we found that al and in particular cl were the most robust to changing 10 
stringencies, both on full-length and subregion clusterings; sl, and to a lesser extent cd-hit and 11 
uparse, were more susceptible, in particular for V6, while uclust provided generally lower 12 
similarities in cluster composition. Both uparse and uclust, and to a lesser extent sl, were 13 
susceptible to slight threshold changes in either subregion or full-length clusterings 14 
(horizontal/vertical ‘stripes’ in Figure 6C). 15 
Thus, in spite of notable differences in total cluster counts, some tested methods were surprisingly 16 
robust to the choice of 16S subregion in terms of cluster composition, in particular al and cl. In 17 
other words, even when using shorter reads (containing less information), OTUs were often 18 
composed overall similarly, although there were clear differences between tested methods.19 
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Reproducibility of results is paramount to any empirical field of research. Scientific findings are 2 
generally required to be robust to the choice of experimental approach, and ‘true’ phenomena 3 
should be observable using independent methodologies, within reasonable limits. Drummond 4 
(2009) has formalized this notion by pointing out a conceptual distinction between the replicability 5 
of results and the reproducibility of findings. He contends that while the latter is a necessary 6 
prerequisite of scientific endeavor, the former is indeed less instructive. In other words, the exact 7 
replication of an experiment ceteris paribus is less informative than the corroboration of findings by 8 
reproduction in an independent setup (Casadevall and Fang, 2010). 9 
We believe that these considerations are highly relevant to microbial ecology – which is not only an 10 
empirical, but indeed a data-driven research field. In this study, we have focused on the 11 
reproducibility of OTU demarcation from complex sequencing datasets: when repeating an 12 
experiment under different sequence clustering parameters, how much bias is introduced simply 13 
by the choice of methodology? In other words, how robust are biological findings to the choice of 14 
clustering method? We found that OTU demarcation may indeed be replicable: different methods 15 
provided (almost) identical partitions when twice clustering the exact same sets of sequences, but 16 
in randomized order (Figure 4, diagonals). However, trends in reproducibility were less clear. 17 
We quantified the variability in OTU demarcation on various complementary levels. In a first, basic 18 
approach, we confirmed previous observations on diverging total OTU counts and cluster size 19 
distributions between methods (Figure 1). However, total cluster counts are a summary statistic of 20 
limited biological significance with respect to OTU composition (Table 3) and higher-level 21 
ecological data descriptions (Figure 3, Table 2). Rather, differences between clusterings are more 22 
meaningfully described as differences in cluster composition. We explored these on an anecdotal 23 
level for an exemplary datapoint (Figure 2), for which we also quantified biases to higher level 24 
ecological data descriptions (Figure 3). We then generalized our observations to a global dataset, 25 
and to the choice of clustering threshold (Figures 4, S1-5), clustering context (Figure 5) and 16S 26 
sequence subregion (Figure 6). 27 
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When viewed across all these tests, hierarchical average linkage and heuristic cd-hit clustering 1 
were generally the most similar pair of methods. This is both surprising and remarkable, as cd-hit 2 
relies on several computationally efficient shortcuts which are expected to reduce accuracy. Both 3 
al and cd-hit also showed generally similar behavior to complete linkage. Similarities in cluster 4 
composition between these three methods were robust to (wide) changes in clustering threshold, 5 
indicating that these methods provided surprisingly reproducible clusterings. These high levels of 6 
similarity between al, cl and cd-hit are remarkable, in particular when considering that these 7 
methods diverged considerably in terms of total OTU counts across thresholds. In contrast, single 8 
linkage, uclust and uparse diverged more strongly in their behavior from all other methods. Indeed, 9 
the ‘inclusive’ single linkage algorithm is a conceptual outlier in the tested set of methods, as it 10 
implements a fundamentally different clustering regime than the other, more ‘exclusive’ methods. 11 
Similarly, uparse can be consid red an outlier, as it implements adaptive on-the-fly chimera 12 
filtering and effectively clustered different sets of sequences than the other tested methods. 13 
Indeed, uparse filtering for chimeric sequences was far more restrictive than for the uchime-based 14 
protocol (with uparse removing ≥50% sequences for some thresholds), which is surprising when 15 
considering that the input data were full length, high-quality and often curated or pre-filtered 16S 16 
sequences. Thus, lower similarities of uparse relative to other methods in cluster composition, as 17 
well as in overall behavior could be expected. In contrast, though conceptually related to cd-hit and 18 
cl, uclust clearly diverged across many tests: with respect to other methods, it provided 19 
significantly shifted diversity estimates (Figure 3) and deviating cluster composition, in particular at 20 
higher (biologically more relevant) clustering thresholds (Figure 4). 21 
Although it is tempting to interpret these findings in terms of cluster quality, we note that notion of 22 
‘true’ or ‘false’ clustering requires more than pairwise comparisons between methods, and has 23 
been addressed elsewhere, by us and others (e.g., Sun et al., 2011; Koeppel and Wu, 2013; 24 
Schmidt et al., 2014). Rather, partition similarities across thresholds may inform the comparison of 25 
results across studies, as they allow an assessment of the bias introduced by clustering method. In 26 
contrast, the observed trends in robustness to changing parameters may indeed be interpreted in 27 
either way: in terms of comparability across studies, but also as (quality) attributes of clustering 28 
methods. In particular, cl, al and cd-hit were surprisingly robust to changes in clustering threshold, 29 
Page 20 of 59
Wiley-Blackwell and Society for Applied Microbiology
For Peer Review Only
 
21 
clustering context and the choice of subregion, while sl, uparse and especially uclust were more 1 
strongly affected. By design, previous unidimensional benchmarking studies focusing on different 2 
concepts of partition ‘optimality’ did not capture these trends in robustness between methods. 3 
There have been great efforts to address the ‘reproducibility’ issue through increased levels of 4 
standardization: software pipelines such as mothur or QIIME provide comprehensive protocols to 5 
analyze microbial ecology datasets. However, these efforts have arguably enhanced replicability 6 
rather than reproducibility, by providing widely adopted defaults. Furthermore, we note that QIIME 7 
relies on uclust as default clustering method – the method which was consistently the most 8 
sensitive to any parameter change across our tests. Thus, while QIIME aims to enhance 9 
comparability of findings across studies, at the level of sequence clustering it probably achieves 10 
the reverse. In contrast, the default clustering method implemented in mothur is al which was 11 
among the most robust methods in our tests. 12 
Reference-based OTU demarcation is another approach to standardization which has recently 13 
received increasing attention: sequences are mapped to pre-clustered reference sets of curated 14 
16S sequences, provided e.g. by the RDP (Cole et al., 2013), Greengenes (DeSantis et al., 2006) 15 
and SILVA (Yilmaz et al., 2013) databases. We note that the global dataset used in our study 16 
closely resembles such reference sets in size, scope, sequence length and pre-processing. 17 
Moreover, one main difference between reference-based OTU demarcation and de novo clustering 18 
is arguably clustering context – an effect which has previously been ignored or underestimated. 19 
Most importantly, however, the ‘quality’ of reference-picked OTUs directly depends on the quality 20 
of pre-clustering of the reference set. The Greengenes and SILVA databases, which are the 21 
default reference sets in QIIME and for the earth microbiome project (Gilbert et al., 2010), are pre-22 
clustered to 97% and 99% similarity using uclust. 23 
In view of the many parameter choices in sequence processing pipelines, how can reproducibility 24 
of results be enhanced in practice? Based on our findings, we suggest that researchers may want 25 
to resort to deliberately redundant study/analysis designs. Several recent studies, e.g. the human 26 
microbiome project, have indeed relied on complementary analysis pipelines, but this is usually not 27 
the case. Redundancy may be introduced at many levels, e.g. in the choice of sequenced 28 
Page 21 of 59
Wiley-Blackwell and Society for Applied Microbiology
For Peer Review Only
 
22 
subregions, and at every level of sequence processing, and we recommend that researchers 1 
implement at least two complementary analysis pipelines. Biological findings that are robust to 2 
independent methodologies are arguably more dependable than any single-track analysis.3 
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Table & Figure Legends 1 
Figure 1. Quantitative differences between clustering methods. (A) Differences in total OTU 2 
counts when clustering a global dataset of 887,870 bacterial 16S sequences according to different 3 
methods. Note that uparse filtered for chimeric sequences differently than the other methods, 4 
which led to different numbers of sequences being clustered at different cutoffs (see Table S2). 5 
Moreover, uclust and uparse did not cluster to >99% similarity, with additional missing datapoints 6 
for uparse (see Text S1). (B) Differences in OTU size distributions between methods when 7 
clustering to 97% nominal sequence similarity. (C) Differential dominance of singleton and large 8 
OTUs (≥100 sequences) at 97% similarity. Methods differed in the fraction of total sequences 9 
(upper panel) and of total OTUs (lower panel) that fell into different OTU size categories. 10 
 11 
Figure 2. Differences in OTU composition at an individual datapoint. 90,620 bacterial 16S 12 
sequences of the human skin microbiome (HSM) dataset were clustered to 97% sequence 13 
similarity according to different methods (algorithms illustrated in left panel); note that here, we 14 
additionally used the ‘-id 0.97’ option for uparse. Sets of sequences (vertical bands) were clustered 15 
into OTU sets (horizontal bars) differentially between methods. Coloring highlights separate 16 
sequence bands; the dotted grey band corresponds to small OTUs (≤100 sequences). Partition 17 
similarities (right panel) were quantified in terms of relative OTU counts (as binary logarithm), AMI, 18 
NMI and ARI values; see also Table 1. 19 
 20 
Figure 3. Clustering methods introduce differential bias to ecological data descriptions. (A) 21 
Chao1 richness estimates for the 21 samples of the HSM dataset when clustering to 97% 22 
sequence similarity using different methods. Vertical grey bars indicate median values. (B) Biases 23 
to estimators of local diversity (Chao1, inverse Simpson and Shannon indices) and community 24 
similarity (Sørensen-Dice-Czekanowski, Morisita-Horn and abundance-corrected Jaccard indices; 25 
see Text S1) for the same 21 skin samples. For every pair of clustering methods, Pearson 26 
correlations (upper cells) indicate differences in diversity ranking between samples per index. 27 
Average shifts in absolute diversity estimates per index (‘relative shift’, lower cells) between 28 
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29 
methods are calculated ‘row-wise’ (e.g., for the highlighted cell, read ‘sl provided lower Chao1 1 
estimates than cl’). Cell coloring indicates significance levels and direction of absolute shifts 2 
between methods (Mann-Whitney-U test). Raw data on diversity estimates is provided in Table S3. 3 
 4 
Figure 4. Differences in cluster composition between methods across wide threshold 5 
ranges. A global dataset of 887,870 16S sequences was clustered to thresholds ranging from 90-6 
100% sequence similarity, in steps of 0.2% (corresponding to ~2.6 differences across the full 7 
sequence length). Pairwise partition similarities between methods and across thresholds were 8 
calculated as Adjusted Mutual Information (AMI). To calculate partition similarities of methods 9 
‘against themselves’ (subplots on diagonal), clustering was re-run with randomized order of 10 
sequences. Note that algorithm memory requirements prohibited al clustering of the full set to 11 
<92% similarity and uclust/uparse clustering to >99% similarity; moreover uparse consistently 12 
crashed when clustering the dataset to 96.0% or 98.2% similarity (grey lines in the corresponding 13 
plots). Equivalent plots on NMI and ARI similarities, and for the HSM dataset, are provided as 14 
Figures S1-5. Raw data on partition similarities provided in Tables S4-9. 15 
 16 
Figure 5. Robustness to clustering context. (A) The HSM and an artificially generated dataset 17 
of broad ecological range (BER, see Table S1) were extracted as ‘local’ subsets from the global 18 
set of 887,870 16S sequences. Pairwise internal sequence similarities were calculated based on 19 
10 randomly drawn sets of 10,000 sequences per dataset. Compared to the global background, 20 
internal sequence similarities were significantly higher for the HSM set, and significantly lower for 21 
the BER set (p << 10-16, Mann-Whitney-U test). This corresponds to the patterns of filled dots 22 
(HSM/BER) over circles (global background) in the lower panel in (A). (B) Relative OTU counts 23 
when clustering HSM and BER sets in the presence (‘global context’) and absence (‘local context’) 24 
of the full global sequence space. (C) Partition similarities between local and global context, 25 
expressed as Adjusted Mutual Information (AMI). 26 
 27 
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30 
Figure 6. Robustness to the choice of SSU gene subregion. (A) Extraction of selected 1 
hypervariable subregions from near full-length 16S sequence alignments (‘FL’). Sequence length 2 
(left column) and nucleotide positions in the ssu-align bacterial 16S model (middle column, 3 
Nawrocki, 2009), and the E. coli reference 16S sequence (right column) for subregionsV23, V35 4 
and V6 were chosen following Schloss (2010), and indicated in the secondary structure resolved 5 
E. coli 16S sequence on the right (modified from an image kindly provided by Harry Noller, 6 
University of California, Santa Cruz). (B) Relative OTU counts of subregion clustering over full-7 
length clustering and partition similarities as Adjusted Mutual Information (AMI) when clustering to 8 
the same nominal similarity threshold according to different methods. (C) Partition similarities 9 
across clustering thresholds reveal differential trends in robustness between methods. 10 
 11 
Table 1. Pairwise partition similarities at an individual datapoint. The HSM dataset was 12 
clustered to 97% nominal sequence similarity according to different methods (see also Figure 2), 13 
and pairwise partition similarities were calculated as relative OTU counts (row-wise, as binary log-14 
ratios, i.e. read ‘cl provided 20.261 times as many OTUs as al’), AMI, NMI and ARI. Full pairwise 15 
partition similarities across thresholds are available in Tables S4-6. 16 
 17 
Table 2. Partition similarities may predict trends in ecological data description. Pairwise 18 
partition similarities between methods (OCrel, AMI, NMI and ARI), as shown in Table 1, were 19 
correlated with trends and shifts in α- and β-diversity estimates between methods across skin 20 
habitats (shown as Pearson correlations and relative shifts in Figure 3B). In other words, each 21 
value in the table indicates how well partition similarities correlated with similarities in ecological 22 
data descriptions (Spearman rank correlation; see Text S1 for further details). 23 
 24 
Table 3. Differences in OTU counts are a poor predictor of differences in cluster 25 
composition. For every pair of methods, differences in OTU counts (as absolute binary log ratios) 26 
and in cluster composition (as AMI, NMI and ARI) were correlated across thresholds (Spearman 27 
rank correlation). In other words, every value in the table indicates how predictive differences in 28 
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31 
OTU counts were of (AMI / NMI / ARI) differences in cluster composition. See Text S1 for further 1 
details. 2 
 3 
Table 4. Pairwise similarities between clustering methods, expressed as shared trends in 4 
partition similarities to other methods. For every pair of methods, partition similarities (as OCrel, 5 
AMI, NMI and ARI) across all methods and thresholds were correlated (Pearson correlation). For 6 
example, the value for AMI correlations between al and cl was calculated from pairwise AMI 7 
similarities of al to all methods across thresholds, which were correlated to AMI similarities of cl 8 
partitions across methods and thresholds. In other words, values in the table indicate how similarly 9 
two methods behave, using partition similarities across methods and thresholds as common 10 
reference. 11 
12 
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Supporting Information Legends 1 
Text S1. Supplementary Methods. 2 
 3 
Figure S1. Adjusted Mutual Information (AMI) between methods across thresholds when 4 
clustering the HSM dataset. Equivalent to Figure 4 in the main text. Raw AMI values provided in 5 
Table S4. 6 
 7 
Figure S2. Normalized Mutual Information (NMI) between methods across thresholds when 8 
clustering the HSM dataset. Equivalent to Figure 4 in the main text. Raw NMI values provided in 9 
Table S5. 10 
 11 
Figure S3. Adjusted Rand Index (ARI) between methods across thresholds when clustering 12 
the HSM dataset. Equivalent to Figure 4 in the main text. Raw ARI values provided in Table S6. 13 
 14 
Figure S4. Normalized Mutual Information (NMI) between methods across thresholds when 15 
clustering the global dataset of 887,870 16S sequences. Equivalent to Figure 4 in the main 16 
text. Raw NMI values provided in Table S8. 17 
 18 
Figure S5. Adjusted Rand Index (ARI) between methods across thresholds when clustering 19 
the global dataset of 887,870 16S sequences. Equivalent to Figure 4 in the main text. Raw ARI 20 
values provided in Table S9. 21 
 22 
Figure S6. Pairwise similarities between clustering methods, expressed as absolute 23 
differences in partition similarities to other methods. For every pair of clustering methods, 24 
differences in partition similarities (expressed as AMI) to all methods across thresholds are shown 25 
as histograms. For example, the top left subgraph shows differences between al and all other 26 
methods; it shows that cd-hit and al provide very similar AMI values against other methods across 27 
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33 
thresholds, although cd-hit AMI values tend to be slightly lower (peak shifted to the left). In other 1 
words, the subplots indicate how similarly pairs of methods behave, using partition similarities to 2 
other methods across thresholds as reference. 3 
 4 
Table S1. Composition of an artificial ‘local’ dataset of broad ecological range (BER). A total 5 
of 53,999 16S sequences from 18 studies were selected to generate the dataset; additional 6 
information, and detailed references are provided in the table. 7 
 8 
Table S2. Total OTU counts per method when clustering a global dataset of 887,870 16S 9 
sequences. OTU counts are given per method for different thresholds. For uparse, the respective 10 
number of clustered sequences that mapped to the uchime-filtered dataset is also provided (as 11 
uparse implements differential on-the-fly chimera filtering, removing different sets of sequences at 12 
different clustering thresholds). 13 
 14 
Table S3. Estimates of α- and β-diversity when clustering the HSM dataset to 97% sequence 15 
similarity according to different methods. The table provides raw data of diversity estimates 16 
across 21 skin samples for every method. Moreover, trends between methods (Pearson correlation 17 
of diversity estimates), absolute shifts (as binary log-ratio) and shift significance (as p-values in 18 
one-sided Mann-Whitney-U tests) are also provided for every index. Finally, an overview of the 19 
HSM dataset (sequence counts and internal sequence similarities per habitat), as well as pairwise 20 
partition similarities between methods at 97% clustering are also provided. 21 
 22 
Table S4. Adjusted Mutual Information (AMI) between methods across thresholds when 23 
clustering the HSM dataset. Values as shown in Figure S1. 24 
 25 
Table S5. Normalized Mutual Information (NMI) between methods across thresholds when 26 
clustering the HSM dataset. Values as shown in Figure S2. 27 
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Table S6. Adjusted Rand Index (ARI) between methods across thresholds when clustering 2 
the HSM dataset. Values as shown in Figure S3. 3 
 4 
Table S7. Adjusted Mutual Information (AMI) between methods across thresholds when 5 
clustering the global dataset of 887,870 16S sequences. Values as shown in Figure 4 in the 6 
main text. Missing values for al at thresholds <92% and uclust / uparse >99% as clustering to 7 
these thresholds was prohibited by memory requirements (see Text S1). 8 
 9 
Table S8. Normalized Mutual Information (NMI) between methods across thresholds when 10 
clustering the global dataset of 887,870 16S sequences. Values as shown in Figure S4. 11 
Missing values for al at thresholds <92% and uclust / uparse >99% as clustering to these 12 
thresholds was prohibited by memory requirements (see Text S1). 13 
 14 
Table S9. Adjusted Rand Index (ARI) between methods across thresholds when clustering 15 
the global dataset of 887,870 16S sequences. Values as shown in Figure S5. Missing values for 16 
al at thresholds <92% and uclust / uparse >99% as clustering to these thresholds was prohibited 17 
by memory requirements (see Text S1). 18 
 19 
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Figure 1. Quantitative differences between clustering methods. (A) Differences in total OTU counts when 
clustering a global dataset of 887,870 bacterial 16S sequences according to different methods. Note that 
uparse filtered for chimeric sequences differently than the other methods, which led to different numbers of 
sequences being clustered at different cutoffs (see Table S2). Moreover, uclust and uparse did not cluster to 
>99% similarity, with additional missing datapoints for uparse (see Text S1). (B) Differences in OTU size 
distributions between methods when clustering to 97% nominal sequence similarity. (C) Differential 
dominance of singleton and large OTUs (≥100 sequences) at 97% similarity. Methods differed in the fraction 
of total sequences (upper panel) and of total OTUs (lower panel) that fell into different OTU size categories.  
229x629mm (300 x 300 DPI)  
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Figure 2. Differences in OTU composition at an individual datapoint. 90,620 bacterial 16S sequences of the 
human skin microbiome (HSM) dataset were clustered to 97% sequence similarity according to different 
methods (algorithms illustrated in left panel); note that here, we additionally used the ‘-id 0.97’ option for 
uparse. Sets of sequences (vertical bands) were clustered into OTU sets (horizontal bars) differentially 
between methods. Coloring highlights separate sequence bands; the dotted grey band corresponds to small 
OTUs (≤100 sequences). Partition similarities (right panel) were quantified in terms of relative OTU counts 
(as binary logarithm), AMI, NMI and ARI values; see also Table 1.  
180x181mm (300 x 300 DPI)  
 
 
Page 36 of 59
Wiley-Blackwell and Society for Applied Microbiology




Figure 3. Clustering methods introduce differential bias to ecological data descriptions. (A) Chao1 richness 
estimates for the 21 samples of the HSM dataset when clustering to 97% sequence similarity using different 
methods. Vertical grey bars indicate median values. (B) Biases to estimators of local diversity (Chao1, 
inverse Simpson and Shannon indices) and community similarity (Sørensen-Dice-Czekanowski, Morisita-
Horn and abundance-corrected Jaccard indices; see Text S1) for the same 21 skin samples. For every pair of 
clustering methods, Pearson correlations (upper cells) indicate differences in diversity ranking between 
samples per index. Average shifts in absolute diversity estimates per index (‘relative shift’, lower cells) 
between methods are calculated ‘row-wise’ (e.g., for the highlighted cell, read ‘sl provided lower Chao1 
estimates than cl’). Cell coloring indicates significance levels and direction of absolute shifts between 
methods (Mann-Whitney-U test). Raw data on diversity estimates is provided in Table S3.  
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Figure 4. Differences in cluster composition between methods across wide threshold ranges. A global dataset 
of 887,870 16S sequences was clustered to thresholds ranging from 90-100% sequence similarity, in steps 
of 0.2% (corresponding to ~2.6 differences across the full sequence length). Pairwise partition similarities 
between methods and across thresholds were calculated as Adjusted Mutual Information (AMI). To calculate 
partition similarities of methods ‘against themselves’ (subplots on diagonal), clustering was re-run with 
randomized order of sequences. Note that algorithm memory requirements prohibited al clustering of the full 
set to <92% similarity and uclust/uparse clustering to >99% similarity; moreover uparse consistently 
crashed when clustering the dataset to 96.0% or 98.2% similarity (grey lines in the corresponding plots). 
Equivalent plots on NMI and ARI similarities, and for the HSM dataset, are provided as Figures S1-5. Raw 
data on partition similarities provided in Tables S4-9.  
187x197mm (300 x 300 DPI)  
 
 
Page 38 of 59
Wiley-Blackwell and Society for Applied Microbiology




Figure 5. Robustness to clustering context. (A) The HSM and an artificially generated dataset of broad 
ecological range (BER, see Table S1) were extracted as ‘local’ subsets from the global set of 887,870 16S 
sequences. Pairwise internal sequence similarities were calculated based on 10 randomly drawn sets of 
10,000 sequences per dataset. Compared to the global background, internal sequence similarities were 
significantly higher for the HSM set, and significantly lower for the BER set (p << 10-16, Mann-Whitney-U 
test). This corresponds to the patterns of filled dots (HSM/BER) over circles (global background) in the lower 
panel in (A). (B) Relative OTU counts when clustering HSM and BER sets in the presence (‘global context’) 
and absence (‘local context’) of the full global sequence space. (C) Partition similarities between local and 
global context, expressed as Adjusted Mutual Information (AMI).  
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Figure 6. Robustness to the choice of SSU gene subregion. (A) Extraction of selected hypervariable 
subregions from near full-length 16S sequence alignments (‘FL’). Sequence length (left column) and 
nucleotide positions in the ssu-align bacterial 16S model (middle column, Nawrocki, 2009), and the E. coli 
reference 16S sequence (right column) for subregionsV23, V35 and V6 were chosen following Schloss 
(2010), and indicated in the secondary structure resolved E. coli 16S sequence on the right (modified from 
an image kindly provided by Harry Noller, University of California, Santa Cruz). (B) Relative OTU counts of 
subregion clustering over full-length clustering and partition similarities as Adjusted Mutual Information 
(AMI) when clustering to the same nominal similarity threshold according to different methods. (C) Partition 
similarities across clustering thresholds reveal differential trends in robustness between methods.  
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AMI ARI AMI ARI AMI ARI AMI ARI AMI ARI
NMI OC_rel NMI OC_rel NMI OC_rel NMI OC_rel NMI OC_rel
0.938 0.916
0.942 0.261
0.943 0.936 0.885 0.852
0.945 -0.241 0.888 -0.502
0.957 0.949 0.930 0.931 0.915 0.888
0.960 0.112 0.936 -0.149 0.917 0.352
0.842 0.816 0.809 0.793 0.800 0.755 0.818 0.787
0.854 1.320 0.834 1.058 0.807 1.560 0.837 1.208
0.963 0.870 0.948 0.902 0.910 0.711 0.945 0.868 0.839 0.748
0.965 -0.207 0.951 -0.469 0.911 0.033 0.948 -0.319 0.851 -1.528
uclust
uparse
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Inv_Simpson Shannon Chao1 Soerensen-Dice Morisita_Horn Jacc_abd
Pearson Cor Pearson Cor Pearson Cor Pearson Cor Pearson Cor Pearson Cor
Shifts Shifts Shifts Shifts Shifts Shifts
0.687 0.762 0.886 0.740 0.579 0.669
0.631 0.787 0.986 0.771 -0.411 0.712
0.802 0.861 0.861 0.837 0.767 0.757
0.770 0.910 0.814 0.882 0.688 0.893
0.543 0.611 0.884 0.642 0.493 0.606
0.673 0.891 0.866 0.864 0.381 0.858
0.541 0.610 0.885 0.648 0.487 0.611
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al cl sl cdhit uclust uparse
AMI AMI AMI AMI AMI AMI
NMI NMI NMI NMI NMI NMI










0.716 0.626 0.766 0.725
0.820 0.794 0.668 0.768
0.363 0.626 0.612 0.407
0.884 0.866 0.310 0.705 0.936
0.852 0.857 0.215 0.643 0.922
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AMI ARI AMI ARI AMI ARI AMI ARI AMI ARI
NMI OC_rel NMI OC_rel NMI OC_rel NMI OC_rel NMI OC_rel
0.915 0.479
0.853 0.738
0.806 0.481 0.444 -0.271
0.599 0.399 0.029 0.661
0.993 0.960 0.899 0.488 0.743 0.376
0.991 -0.017 0.830 0.252 0.498 0.582
0.840 0.190 0.892 0.595 0.310 -0.586 0.829 0.350
0.777 -0.417 0.924 -0.103 -0.043 0.219 0.790 0.633
0.918 0.760 0.813 0.539 0.668 0.110 0.934 0.826 0.754 0.465
0.965 -0.664 0.825 -0.383 0.447 -0.057 0.976 0.361 0.811 0.736
uclust
uparse
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Sequence Data and Preprocessing
We obtained a global, comprehensive dataset of publicly available full-length bacterial 16S sequences as 
described previously (Schmidt et al., 2014). In short, SSU sequences were downloaded from NCBI GenBank1 
(Benson et al., 2013) and from the genomes available in the NCBI Reference Sequence Database2  (RefSeq, 
Pruitt et al., 2011) and pre-filtered for annotations as ‘ribosomal RNA’ or ‘rRNA’ and for a minimum length of 
1,000bp. Sequences were aligned to a bacterial 16S consensus model (provided in the package ssu-align, 
Nawrocki, 2009) using the secondary structure-aware Infernal aligner (Nawrocki et al., 2009). Sequences which 
provided negative Infernal alignment scores, or aligned with higher confidence to an archaeal 16S or eukaryal 
18S model, were removed from the dataset. To obtain an alignment of uniform length, comprising the same 
amount of information per sequence, all sequences were pruned at manually chosen conserved flanking 
positions (alignment position 107 to 1,408, yielding a total length of 1,301 alignment columns). We removed an 
additional 19.7% of sequences which were flagged as chimeric by uchime (Edgar et al., 2011), run with a set of 
reference sequences generated de novo from the entire alignments. After these pre-processing steps, the 
dataset used in this study comprised 887,870 bacterial 16S sequences of which 673,128 or 75.8% were 
unique; this dataset is referred to as ‘global’ set in the main text.
From this set, two ‘local’ subsets were extracted for further analysis: (i) the well-characterized human skin 
microbiome dataset (HSM, Grice et al., 2009), comprising 90,620 sequences after filtering steps; and (ii) an 
artificially generated dataset of broad ecological range (BER), comprising 53,999 sequences from 18 distinct 
studies focusing on distinct environments (see Table S1 for further details). Moreover, three global datasets of 
simulated ‘short reads’ were generated by extracting subregions V23, V35 and V6 from the full alignments 
(details in main text, and in particular in Figure 6).
Sequence Clustering into Operational Taxonomic Units
Sequences were clustered into OTUs using six different methods: average linkage (al), complete linkage (cl) and 
single linkage (sl) hierarchical clustering, as well as heuristic cd-hit, uclust and uparse clustering. For each method, 
OTUs were clustered to sequence similarity thresholds of 90-100%, in steps of 0.2%. For the full global set of 
887,870 bacterial 16S sequences, clustering to the full threshold range was not possible for some methods due 
to prohibitive memory requirements of the algorithms: (i) hierarchical al clustering was only performed to 
≥92% sequence similarity; (ii) uclust and uparse clustering was only performed to <99% sequence similarity, as 
higher similarity thresholds required ≥4 gigabytes of RAM, which is the limit for the freely available 32bit 
versions of these tools; (iii) clustering was (reproducibly) unsuccessful for uparse at additional individual 
datapoints, depending on the dataset (e.g., the full global set was not clustered to 96.0% and 98.2% similarity).
We were not able to cluster the full global 16S datasets, or subsets thereof (≥100,000 sequences) using ESPRIT 
(Sun et al., 2009), ESPRIT-Tree (Cai and Sun, 2011) and mothur (Schloss et al., 2009), even when providing 
excessive computational resources (running on a multicore machine with 48 CPUs and 1 terabyte of RAM). 
This is likely due to the computationally expensive calculation of a pairwise sequence distance matrix. However, 
it has been shown that hierarchical clustering as implemented in hpc-clust (used in this study) and mothur 
provides virtually identical partitions of the data (Matias Rodrigues and von Mering, 2014). Moreover, ESPRIT 
Text S1: Supplementary Methods
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and ESPRIT-Tree are (slightly heuristic) implementations of the cl and al algorithms, albeit using a pairwise 
alignment strategy, rather than multiple sequence alignments. Thus, we are confident that our findings on 
hierarchical clustering algorithms may be portable to ESPRIT, ESPRIT-Tree and mothur, although we have not 
explicitly tested this.
In the following, command line options for running the different clustering software tools (as pseudo-code) are 
given.
HPC-Clust
Hierarchical al, cl and sl clustering to the full threshold range were implemented in single runs on a 256 CPU 
computer cluster using openmpi3.
#Run hpc-clust
> hpc-clust-mpi -al true -cl true -sl true -t 0.8 --dfunc gap -ofile $
{clustering_merge_file} ${alignment_file}
#Parameters:
#“-t”! ! =>! minimum similarity threshold
#”--dfunc”! =>! sequence distance calculator. “gap” stands for the “onegap” 
#! ! ! calculator which counts gaps of any length as single mismatch
#”-ofile”! =>! output file (records merges of clusters along thresholds)
#
#Demarcate OTUs from merge files
> make-otus.sh ${alignment_file} ${clustering_merge_file} ${threshold}
#”threshold” specifies the similarity threshold to which OTUs are being demarcated.
CD-HIT
Our protocol for cd-hit clustering was modeled to be consistent with the cd-hit-otu pipeline suggested by Li et 
al (2012). However, to control for potential variability in sequence preprocessing, we used the same set of 
preprocessed, uchime-filtered sequences as input for cd-hit as for the hierarchical methods and uclust. 
Moreover, we used word lengths (k-mer sizes) of 11; shorter word lengths were tested, but these did not 
provide significantly different partitions, while clustering took longer to compute. We used cd-hit in version 
4.5.4, build 2012-08-25. All runs were performed on a multicore computer (48 CPUs, 1 terabyte of RAM).
#Run cd-hit
> cd-hit-est -i ${unaligned_sequences_file} -o ${output_file} -c ${threshold} -T $
{no_of_cpus} -M 100000 -n 11 -d 150
#Parameters
#”-T”! ! => ! number of cores when running in parallel
#”-M”! ! =>! memory threshold (in megabytes)
#”-n”! ! =>! word length
#”-d”! ! =>! length of description in output file
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Uclust
We performed uclust4 (Edgar, 2010) clustering on the uchime-filtered sets of sequences (see above), but using 
unaligned sequences as input.
#Run uclust
> usearch -cluster_fast ${unaligned_sequences_file} -id ${threshold}
Uparse
As uparse implements on-the-fly filtering for chimeric sequences, we performed uparse5 (Edgar, 2013) runs on 
full, non-chimera-filtered sets of unaligned sequences which were subsequently mapped to the uchime-filtered 
sets used for the other methods. Moreover, Edgar (2013) suggests to remove singleton OTUs (containing only 
one sequence) as ‘spurious’ by default; however, since our dataset consisted of near full-length, high-quality 
reads, and since other methods do not implement cluster size-filtering, we did not remove singleton clusters 
from uparse partitions. As for cd-hit and uclust, uparse runs were performed on a multicore computer (48 
CPUs, 1 terabyte of RAM).
#Dereplicate dataset
> usearch -derep_fulllength ${unaligned_sequences_file} -output ${unaligned_dereplicated} 
-sizeout
#Sort by size, but do not discard singletons
> usearch -sortbysize ${unaligned_dereplicated} -output ${unaligned_sorted} -minsize 1
#Run uparse
> usearch -cluster_otus ${unaligned_sorted} -otuid ${threshold} -otus ${representatives}
#Run uchime on cluster representatives
> usearch -uchime_ref ${representatives -db ${reference_database} -strand plus -
nonchimeras ${representatives_nonchimeric}
#Map reads back to (nonchimeric) representatives
> usearch -usearch_global ${unaligned_sequences_file} -db ${representatives_nonchimeric} 
-id ${threshold} -strand plus -uc ${output_file}
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Indices of Community Diversity
Local community diversity (‘α-diversity’)
For the 21 samples of the HSM dataset, we estimated local community diversity based on three widely used 
indices. The Chao1 richness estimator (Chao, 1984) was calculated as follows:
SChao1 = Sobs +
n1(n1 −1)
2(n2 +1)
where Sobs is the observed richness (number of OTUs) and n1 and n2 are the number of singleton (only one 
sequence) and doubleton (two sequences) OTUs, respectively. In other words, the Chao1 index corrects for the 
number of unseen OTUs based on the number of rare OTUs.
The Shannon index (Shannon, 1948) was calculated as follows:








where n is the total number of sequences and ni is the size of class i. In other words, the Shannon index is 
formulated as an entropy, describing the uncertainty when determining the OTU membership of a given 
sequence in the sample.
Finally, the inverse Simpson index (Simpson, 1949) was calculated as follows:
ISI = ni (ni −1)n(n −1)i∑
Thus defined, the inverse Simpson index is the probability that two sequences randomly drawn from a sample 
belong to the same OTU.
Community similarity (‘β-diversity’)
We calculated pairwise community similarity between the 21 HSM samples according to three widely used 
indices. We calculated the abundance-based Jaccard index, with a correction for raw / unseen taxa as suggested 




where Uest and Vest are the (unseen taxa-corrected) estimates of total relative abundances of shared species in 































where SA,B is the number of shared OTUs between groups A and B, ai is the size of OTU i in A, bi the size of 
OTU i in B, nA and nB are the total number of sequences in A and B. I(expression) is an indicator function, 
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defined as I = 1 if ‘expression’ is true and I = 0 otherwise. Finally, f+1 and f+2 are the number of shared OTUs 
that are singletons and doubletons in partition A, while f1+ and f2+ are the number of shared OTUs that are 
singletons and doubletons in partition B. Thus, the number of ‘unseen shared taxa’ is estimated based on the 
number of ‘observed shared taxa’ between the partitions. In the above formulation, the abundance-corrected 
Jaccard index is defined as community similarity, so that J = 1 describes perfectly identical communities, while J 
= 0 if no taxa are shared. Note that the abundance-corrected Jaccard index is implemented as “jabund” in the 
mothur suite6.
We calculated the Sørensen-Dice-Czekanowski coefficient (Dice, 1945) in the raw abundance-based version as 
defined by Chao et al (2004):

















where U and V are the sums of relative abundances of individuals in shared taxa in groups A and B. In the above 
formulation, the SDC is defined as an index of community similarity; it is closely related to the widely used Bray-
Curtis dissimilarity index (Bray and Curtis, 1957).

















where S is the total number of unique OTUs between groups, nA and nB are the total number of sequences in 
groups A and B, and ai and bi are the absolute frequencies of taxon i in A and B. Values for MH range between 
0 (no overlap between communities) and 1 (all taxa are present in both groups in equal abundances).
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Assessing Partition Similarity
Similarity in cluster composition was calculated using the pair counting-based Adjusted Rand Index (ARI) and the 
information theoretic-based Normalized Mutual Information (NMI) and Adjusted Mutual Information (AMI).
Adjusted Rand Index (ARI)
As indicated already by name, pair counting-based indices quantify the similarity between two partitions by 
counting individual pairs of sequences as either concordant or discordant. A pair of sequences is concordant 
across partitions if it either clusters together in both partitions (‘agree to agree’) or does not cluster together in 
either partition (‘agree to disagree’). In contrast, discordant sequence pairs cluster together in one partition, but 
into different OTUs in the other.
Concordant and discordant pairs of sequences.
The Rand Index (Rand, 1971) of partition similarity weighs counts of concordant and discordant pairs of 
sequences as follows:





where n is the total number of sequences and Nconcordant is the number of concordant pairs. In other words, the 
Rand Index is the ratio of concordant pairs per total pairs. Based on the observation that the Rand Index does 
not take a constant expected value between random partitions, Hubert and Arabie (1985) proposed an 
adjusted form which corrects for chance based on a hypergeometric randomness model. The Adjusted Rand 
Index (ARI) is calculated as follows:










































































































where ai is the size of OTU i in partition A, bj is the size of OTU j in partition B and ni,j is the number of 
sequences clustering into OTU i in partition A and OTU j in partition B (i.e., the i,j-th entry in the contingency 
table between partitions). ARI values range between -1 (complete discordancy – sequences grouping together 
in A never group together in B) to 1 (perfectly identical partitions); ARI = 0 indicates random similarity as 
expected based on cluster size distributions.
Arguably, one inherent drawback of pair counting-based measures is the dominance of large clusters. Since the 
number of pairwise comparisons scales quadratically with sequence count, large clusters will contribute 
disproportionally more to the similarity / dissimilarity signal than smaller clusters. In an extreme case, merging 
two large clusters XA and YA in partition A into one cluster ZB in partition B will provide a large number of 
concordant concordant discordant
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discordant sequence pairs, although both partitions remain highly similar from a set point of view. 
Nevertheless, pair counting-based indices are also appealingly intuitive: they provide an immediate notion of 
relative partition concordance at the level of pairs of sequences.
Information theoretic-based indices (NMI, AMI)
More recently, information theoretic-based indices have received increasing attention in the clustering 
literature, not least due to their strong theoretical background (Vinh et al., 2009). Consider a partition A of i 
clusters of sizes ai. The entropy of partition A quantifies the uncertainty when determining a given sequence’s 
cluster membership in A; it is calculated as follows:








H(A) = 0 indicates the ‘singleton partition’, i.e. a partition with only one cluster in which there is no uncertainty 
about cluster membership. The information overlap between two partitions A and B can be expressed based 
on these partitions’ entropies, as the Mutual Information (MI): 










In other words, I(A,B) quantifies the mutual dependence between partitions A and B and “measures how much 
knowing one of these [partitions] reduces our uncertainty about the other” (Vinh et al., 2009). As I(A,B) is 
upper bounded by the entropies H(A) and H(B), several mathematically related or even equivalent 
normalizations have been proposed, such as the Variation of Information (VI) by Meilǎ (2005) or different 
versions of the Normalized Mutual Information (NMI). As defined by Fred and Jain (2003), the NMI is calculated 
as follows:
NMI = −2I(A,B)H (A)+H (B) =
























NMI values range between 0 (no shared information between partitions) to 1 (perfectly identical partitions). In 
the context of OTU demarcation, both NMI and VI have previously been used to test the agreement of OTU 
sets with differently defined taxonomic ground truth partitions (White et al., 2010; Cai and Sun, 2011; Sun et 
al., 2011; Bonder et al., 2012; Wang et al., 2013). Noting that variations in cluster counts cause systematically 
shifting NMI baseline values, Vinh et al. (2009) proposed the Adjusted Mutual Information (AMI) measure which 
uses a hypergeometric permutation model to correct for these effects:
AMI = I(A,B)− E{I(M ) | a,b}H (A)H (B) − E{I(M ) | a,b}
where E{I(M)|a,b} is the expected average Mutual Information for all theoretically possible contingency tables 
with marginals a and b; in other words, E{I(M)|a,b} is the expected Mutual Information for the observed 
distributions of cluster sizes in partitions A and B. It is defined as
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ai !bj !(n − ai )!(n − bj )!






Vinh et al could show in simulation studies that AMI values do not suffer from a systematically shifting baseline 
with shifting cluster counts. Similarly to ARI, values for AMI range between [-1, 1]; AMI = 1 describes perfectly 
identical partitions, AMI = 0 indicates ‘random’ shared information as expected by chance for two partitions of 
the given cluster size distributions. We used both NMI and AMI to assess partition similarity across clustering 
methods, and for varying clustering parameters.
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Abstract
Operational Taxonomic Units (OTUs), usually defined as clusters of similar 16S/18S rRNA sequences, are the most widely
used basic diversity units in large-scale characterizations of microbial communities. However, it remains unclear how well
the various proposed OTU clustering algorithms approximate ‘true’ microbial taxa. Here, we explore the ecological
consistency of OTUs – based on the assumption that, like true microbial taxa, they should show measurable habitat
preferences (niche conservatism). In a global and comprehensive survey of available microbial sequence data, we
systematically parse sequence annotations to obtain broad ecological descriptions of sampling sites. Based on these, we
observe that sequence-based microbial OTUs generally show high levels of ecological consistency. However, different OTU
clustering methods result in marked differences in the strength of this signal. Assuming that ecological consistency can
serve as an objective external benchmark for cluster quality, we conclude that hierarchical complete linkage clustering,
which provided the most ecologically consistent partitions, should be the default choice for OTU clustering. To our
knowledge, this is the first approach to assess cluster quality using an external, biologically meaningful parameter as a
benchmark, on a global scale.
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Introduction
Recent advances in sequencing technology have enabled
researchers to characterize microbial diversity at previously
unattainable scales. In large collaborative efforts, such as the
Human Microbiome Project [1], selected environments have been
probed to depths of millions of sequences, but even smaller-scale
studies generate datasets of hundreds of thousands of reads. While
providing great detail and resolution, datasets of such scopes pose
a challenge to defining meaningful units of microbial diversity, and
the choice of diversity unit definition may influence data analysis.
Arguably, the gold standard for microbial diversity units are
theory-informed definitions that would comply with a commonly
accepted concept of bacterial speciation; in other words, opera-
tional units of diversity should approximate ‘true’ bacterial taxa
[2]. This implies two frequently cited criteria for theory-compliant
diversity units: they should reflect phylogeny (by representing
monophyletic groups of organisms) and ecology, since ecological
differentiation has been postulated as an important driver of
bacterial speciation [2–8]. However, a unifying concept of
bacterial speciation in fact remains controversial to the point of
contesting the very existence of ‘bacterial species’ as such [2,9–11].
Nevertheless, approaches towards reconciling diversity unit
definitions with evolutionary theory have received much attention.
For example, the ecotype model of bacterial speciation defines
basic diversity units as ecologically coherent groups of organisms
whose diversity is confined by a cohesive genetic force [3,12], and
dedicated algorithms have been developed to demarcate ecotypes
from environmental sequencing data [4]. However, while ecotype
simulation has been valuable in characterizing the diversity of
selected environments [13], it has been noted that recognized
diversity clusters within several microbial clades can conflict with
ecotype theory [11,14].
Given the lack of a commonly accepted bacterial species
concept, a phenomenological (pragmatic) approach to categorizing
microbial diversity is often chosen in practice: Operational Taxonomic
Units (OTUs), defined as clusters of 16S/18S small subunit (SSU)
rRNA gene similarity, are used as theory-agnostic approximations
of microbial taxa. Providing impartial partitions of complex
sequence datasets, OTUs are the backbone of established work-
flows for the ecological characterization of microbial communities,
such as mothur [15] or QIIME [16]. Several methods have been
developed for binning SSU sequences, most prominently hierarchi-
cal clustering algorithms (HCA, implemented e.g. in mothur) and their
heuristic approximations, such as uclust [17], cd-hit [18] or the
ESPRIT suite of algorithms [19,20]. However, it has been noted
that different clustering methods often provide highly inequivalent
partitions of the same data, both quantitatively (with respect to
total cluster counts and OTU size distributions) and qualitatively
(with respect to cluster composition) [21–24]. Consequently,
several studies have evaluated approaches to SSU clustering,
focusing on distinct measures of cluster quality. Probably the most
straightforward test for OTU partition quality has been the
comparison of total OTU counts between methods, based on
simulated or experimental samples of known composition
[19,21,24,25]. Schloss & Westcott [22] used Matthew’s Correla-
tion Coefficient as an internal measure of partition quality,
based on cluster composition. Alternatively, methods have been
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benchmarked against taxonomically typed ground truth parti-
tions, using measures such as Variation of Information (VI, [26]),
Normalized Mutual Information (NMI, [20,23,24]) or cluster Purity
[24] to assess taxonomic consistency. This optimization for
taxonomically ‘pure’ clusters is attractive under the assumption
that taxonomic consistency implies both phylogenetic and
ecological consistency. However, existing taxon delineations
may frequently conflict with phylogeny or refer to ecologically
heterogeneous groups of organisms [10], and conflicts between
available reference taxonomies, as well as database bias, further
reduce the indicative power of taxonomic labels when describing
broad ranges of microbial diversity. Moreover, it has been shown
that both NMI and VI produce shifting baseline values, depending
on the number of clusters investigated [27], an effect that none of
the above-mentioned studies corrects for. Finally, relying on
simulated or experimental mixes of known composition as
defined inputs may run the danger of missing fundamental
challenges brought on by real-world samples (such as micro-
heterogeneity, long-tailed abundance distributions, cellular de-
bris, chimeric molecules, contaminations, etc.). Thus, while
taxonomic ‘ground truth’ may often give a reasonable first
assessment, what are alternative and more generally applicable
parameters for characterizing ‘good’ basic units of diversity in
microbial ecology?
In this study, we explore the ecological consistency of OTUs.
We first revisit and confirm the observation that ecological
preferences of microbial lineages are deeply rooted in phylogeny:
organisms that share a high SSU sequence similarity tend to be
ecologically more similar than expected by chance. We then
explore whether this signal is captured by SSU-based OTUs: do
organisms that cluster into the same OTU share similar
ecological affiliations? In other words, are OTUs ecologically
consistent? We approach these questions by first providing
anecdotal evidence, before then introducing an Ecological Consis-
tency Score (ECS) to provide a more thorough evaluation of OTU
ecological consistency. Using a global dataset of roughly one
million near full-length SSU sequences, we compare different
widely used methods for SSU clustering with respect to how
ecologically consistent the OTUs are that they generate. Finally,
we reflect on the validity and usefulness of SSU-based OTUs as
fundamental units of microbial diversity in light of their
ecological consistency, and discuss the implications of using
ecological consistency as a taxonomy-independent measure of
clustering quality.
Methods
Sequence data & preprocessing
To obtain a comprehensive global dataset, we extracted all full-
length 16S/18S rRNA sequences from NCBI GenBank ([28],
accessed in April 2012) and from the genomes available in the
NCBI Reference Sequence Database (RefSeq [29], accessed in
March 2012). After using Infernal to align sequences to reference
consensus models of the bacterial, archaeal and eukaryotic 16S/
18S rRNA molecules (provided in the package ssu-align [30,31])
and after removing ,20% of total reads that were flagged as
chimeric by UCHIME [32], we pruned away any terminal
nucleotides that aligned outside of two manually chosen, well-
conserved start- and end-positions in the alignment. After these
steps, our dataset comprised 950,014 aligned, near full-length
sequences (see Text S1 for details).
Sequence clustering into Operational Taxonomic Units
We clustered sequences into OTUs using three HCAs (average,
complete and single linkage) and two heuristic methods (uclust, cd-hit).
For every method, we clustered to thresholds of 80–99%
sequence identity (92–99% for average linkage, see Text S1). We
generated OTU sets using cd-hit ([18], version 4.5.4, Build 2012-
08-25) in cdhit-est mode (recommended for clustering highly
similar sequences) using standard parameters. The uclust ([17],
http://drive5.com/usearch/, version 6.0.307) series of OTU sets
was generated using the uclust software with the cluster_fast option
and standard parameters. Hierarchical average, complete and single
linkage clustering were implemented using the recently developed
in-house software package hpc-clust [33] using the ‘onegap’
sequence distance calculator (counting gaps as single mismatch-
es). Hpc-clust parallelizes the hierarchical clustering task and has
been shown to cluster sequences as fast as, or even faster than
heuristic implementations such as uclust and cd-hit (less than 3 h
wall time for the present dataset of roughly one million
sequences on a 256 core computer cluster), while still computing
the entire pairwise distance matrix, avoiding any heuristic
shortcuts.
Contextual data
We extracted different types of ecologically relevant informa-
tion from GenBank and RefSeq annotations. First, we assigned
sequences to individual sampling events that we define here as
unique combination of submitting authors, publication title and
isolation source; this classified the dataset into 31,519 samples.
Next, we filtered free-text annotations down to 7,202 unique,
non-trivial ecological terms describing the sampling context.
Using a manually curated classification scheme, we annotated
samples to 53 more broadly defined habitat types (e.g., ‘skin’ or
‘soil’, see Text S1 for the full list). In a complementary approach,
we filtered annotation keywords for the controlled vocabulary
maintained by the Environmental Ontology Project (EnvO,
http://environmentontology.org/, release date 2011-24-03)
and used the ontology to assign related environmental terms to
samples (e.g., ‘lake’ and ‘pond’ were both classified as ‘water
body’). This procedure yielded 672 unique EnvO terms repre-
sented in the dataset. Finally, for samples that are associated with
a eukaryotic host, we assigned host taxonomy from direct
annotations and by inference from annotation keywords. This
procedure yielded 2,422 unique host taxonomies (in total
representing 5,850 unique taxa) represented in the dataset;
remaining archaeal and bacterial sequences were considered non
host-associated.
Author Summary
To characterize the composition of microbial communities,
researchers often sequence and quantify specific marker
genes, particularly the SSU (‘small subunit’) ribosomal RNA
gene. One crucial step in such studies is the clustering of
sequences into Operational Taxonomic Units (OTUs) of
closely related organisms. However, this practice has
repeatedly been called into question, arguing that the
use of OTUs is not backed by microbial speciation theory.
Here, we explore whether OTUs group ecologically similar
organisms and show that indeed, OTUs are generally
ecologically consistent. Moreover, we show how ecological
consistency can be used as a measure of OTU ‘quality’ and
compare different widely used OTU clustering methods.
Our findings should help in the design and interpretation
of SSU-based microbial ecology studies, in a research field
that is only beginning to unfold its full potential to help
understand life at the smallest scales.
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Assessing global-scale ecological consistency of OTUs
We developed an Ecological Consistency Score (ECS) to assess the
ecological consistency of entire sets of sequence clusters with
respect to different ecological signals (such as ecological terms, see
above). The ECS was calculated as follows. Consider a partition of
a SSU sequence dataset into N OTUs of sizes n1, n2, …, nN. What
is the likelihood that an ecological feature j with a background
frequency of pj in the entire dataset is observed exactly ki,j times in









For example, observing 5 sequences annotated with the
ecological term ‘skin’ (background frequency of 30.0%) in an
OTU containing 15 sequences has a likelihood of 0.206, but
observing the much less frequent term ‘hydrothermal’ (back-
ground frequency ,0.9%) exactly 5 times in the same OTU is
much less likely (L15,hydrothermal=1.6*10
27). Similarly, not observing
a frequent term such as ‘skin’ in the same OTU has a rather low
likelihood (L15,skin=0.005). Thus, the presence of 5 sequences
annotated as ‘hydrothermal’ in an OTU of size 15 is an enrichment
of ecologically similar organisms, while the absence of a frequent term
such as ‘skin’ in the same OTU is a negative enrichment. We
computed the summed log-likelihood LLset of the entire partition







High absolute values of LLset indicated that the distribution of
ecological features across the various OTUs in the entire partition
were non-random. However, the absolute value of LLset is
influenced by total OTU count (as the number of summands i)
and OTU size distribution (as ni in the binomial coefficient). We
used an empirical approach to control for these effects: we
computed the log-likelihoods LLrand of 1,000 randomized sets with
identical cluster size distribution and total count, but with shuffled
sequence-to-OTU mapping. This generated a (near-Gaussian)
background distribution of LLrand, from which we calculated the




where mrand is the average value of LLrand and srand is the standard
deviation. Thus, ECS values indicate by how many standard
deviations the enrichment of ecological features in the observed
OTU set is removed from a randomized background. In other
words, the ECS indicates how consistent a given set of OTUs is
with respect to an ecological signal, such as the distribution of
ecological terms.
Results
SSU similarity is indicative of ecological similarity, and
vice versa
Several recent studies have shown that microbes can be
remarkably niche conservative: ecological affiliations such as habitat
preferences are rooted deeply in the tree of life [34,35]. As a
consequence of this ‘ecological coherence of high bacterial taxa’, a
close relationship between ecological similarity and SSU similarity
has been observed. We confirmed this relationship by exploring a
novel, global sequence dataset of roughly one million near full-
length SSU sequences, for which we automatically inferred
sampling habitats based on ecologically relevant annotation
keywords. We calculated pairwise similarities in SSU sequences,
ecological terms and inferred habitats (as Jaccard index) for 20 sets
of 10,000 randomly selected sequences, resulting in a total of,109
pairwise comparisons; the results are shown in Figure 1A. For both
ecological terms and inferred habitats, we observed a clear trend
towards higher ecological similarity at higher SSU similarity. This
observation is in line with previous studies that reported a very
similar pattern of increasing ecological similarity with decreasing
distance on SSU-based phylogenetic trees [34,36]. Moreover, it is
concordant with general niche conservatism in microbes, given
that our dataset represents a diverse and global survey of microbial
taxa. In other words, phylogenetic distance is indicative of
ecological similarity. But is the reverse also true? Are ecologically
coherent groups of organisms more similar in SSU sequence
similarity than expected by chance?
To assess the internal SSU similarity of ecologically coherent
groups of organisms, we reanalyzed the human skin microbiome
(HSM) dataset that provides ,100,000 near full-length 16S
sequences sampled from distinct body sites [37]. Considering each
body site as a unique habitat, we calculated pairwise 16S sequence
similarities per sample; the results are shown in Figure 1B, Figures
S1, S2 and Table S1. All habitats showed a major abundance of
sequence pairs in the 70–80% 16S similarity range, likely
corresponding to comparisons of organisms from different
bacterial phyla. However, several habitats showed distinctly
bimodal (e.g. back, toe web space) or multimodal (e.g. nare,
manubrium) distributions of internal 16S similarities, indicating an
abundance of more closely related organisms (Figure 1B, top
panel). Indeed, these observations are in line with the habitat-wise
diversity estimates provided in the original HSM study [37]. When
compared to a global background dataset of bacterial 16S
sequences (Figure 1B, bottom panel), all skin habitats showed
both a notable overrepresentation of highly similar sequence pairs
(.90% 16S similarity), as well as the complete absence of a ‘tail’ of
highly dissimilar pairs (,60% 16S similarity). In other words,
organisms sampled from a defined skin habitat were more similar
to each other in 16S sequence than expected for a global
background; this enrichment was statistically highly significant
(p,,10216, one-sided Mann-Whitney-U test, see Table S1). The
same was true for more broadly defined habitat types: 16S
sequences sampled from ‘moist’, ‘dry’ and ‘sebaceous’ skin sites (as
classified in the original HSM study) shared significantly higher
similarity than expected for a background set (Figure 1B, middle
panel, Figure S2 and Table S1). This indicates that in spite of local
diversity and distinct internal 16S similarity profiles, the different
ecologically coherent habitats (body sites, skin habitat types)
sustained communities containing more closely related organisms
(higher 16S similarity) than expected for a global background.
Taken together, these results confirm a close relationship
between ecological and SSU similarity: closely related organisms
tend to be ecologically more similar than expected by chance.
However, the reverse is also true: ecological similarity is often
indicative of increased SSU similarity.
OTUs are ecologically homogenous on a broad
ecological scale
How does this relation between ecological and SSU similarity
translate to Operational Taxonomic Units? Are clusters defined by
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SSU similarity ecologically consistent? To approach these
questions, we clustered a global dataset of roughly one million
SSU sequences into OTUs according to different methods that
implement fundamentally different clustering regimes. Hierarchical
Clustering Algorithms (HCAs) compute an entire matrix of pairwise
sequence distances and progressively merge the most similar
clusters, while heuristic methods provide computationally efficient
shortcuts. The complete linkage (cl, furthest neighbor) HCA implements
an exclusive clustering regime, joining two clusters only if every
pairwise similarity between the members of each cluster is above
the clustering threshold. In contrast, single linkage (sl, nearest neighbor)
is inclusive, as clusters are joined as soon as any two of their
members share above-threshold similarity. Average linkage (al,
average neighbor or unweighted pair group method with arithmetic mean,
UPGMA) conceptually provides a middle ground between the two,
requiring that the average pairwise similarity between all members
of two clusters be above the threshold for joining them. The most
widely employed heuristic methods for SSU sequence clustering are
arguably uclust [17] and cd-hit [18]. Uclust defines cluster seed
sequences, usually depending on sequence length or abundance in
the dataset, to which sequences are subsequently compared and
linked if the similarity (computed as number of shared short
‘words’, or k-mers between the sequences) is above the required
threshold; note that in consequence, uclust combines the three steps
of sequence alignment, alignment distance calculation and
clustering into one. Similarly, cd-hit assigns sequences to represen-
tative cluster seeds, but uses a different word-matching algorithm
and replaces (even implicit) sequence alignment altogether by the
use of indexing tables.
Figure 2A shows the ecological associations of the ten largest
OTUs for every method when clustering to 97% SSU sequence
similarity. We observed that for all methods except sl, the majority
of OTUs was ecologically homogenous. Clearly, the dominating
habitat in the overall dataset, skin (30% of total sequences), also
dominated most of the ten largest OTUs for every method, with
gastric and intestinal habitats as the second most important
fraction. In particular for cl and uclust, all studied OTUs except
‘uclust OTU 7’ consisted of $95% sequences sampled from skin,
and almost all remaining sequences in these OTUs were
annotated as gastric or intestinal. Similarly, most of the observed
al and cd-hit OTUs were dominated by these habitats, albeit to
lower extent and with notable exceptions (al OTUs 4 & 7, cd-hit
OTU 5). In contrast, sl produced several large clusters that were
ecologically heterogenous (OTUs 4, 7–10), with the dominant
habitat representing as little as 26.6% of sequences in sl OTU 10.
Figure 2B provides a closer look at sl OTU 4. It consisted of
17,462 habitat-typed sequences of highly diverse ecological
affiliation; for example, sequences sampled from insect hosts,
plant hosts, aquatic environments or soil each accounted for 4–5%
of diversity within this OTU. We observed that all other tested
methods generated significantly more OTUs from the same
17,462 sequences when clustering in the context of the full global
set of roughly one million sequences. Indeed, the observed
differences in total OTU counts were in the range of 2–3 orders
of magnitude, with uclust providing 2,102 OTUs where sl provided
only one. At the same time, we observed that both cl and uclust
provided ecologically more homogenous partitions of the same
sequence set, notably by distributing sequences associated to skin
and to gastric/intestinal habitats largely into distinct OTUs.
Likewise, al and cd-hit provided ecologically more consistent OTUs
Figure 1. Phylogenetic similarity vs. ecological similarity. (A)
General correspondence of ecological and SSU similarity. From our
global dataset of roughly one million SSU sequences, 20 datasets of
10,000 sequences each were randomly sampled. For each subset,
pairwise sequence similarities and ecological similarities (as Jaccard
Index of shared annotated ecological terms and habitat types,
respectively) were calculated, and the results were averaged over the
20 sets before plotting; mean standard deviations across sets are
indicated by grey shades. (B) Internal 16S SSU similarity of human skin
habitats. For the human skin microbiome dataset [37], pairwise SSU
similarities were calculated for all sequences sampled from respective
human skin habitats (top) and for sequences from habitats of the same
type (‘moist’, ‘dry’ or ‘sebaceous’, as classified by Grice et al [37];
middle). Global background similarities were obtained by calculating
pairwise internal SSU similarities for 20 sets of 10,000 sequences
randomly drawn from our environmentally heterogeneous set of
roughly one million SSU sequences (bottom). Smoothened distributions
were drawn based on 150,000 randomly sampled pairwise distances.
White circles indicate median, grey circles mean similarity. Non-
smoothened, detailed distributions are available in Figures S1 and S2.
doi:10.1371/journal.pcbi.1003594.g001
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Figure 2. Broad-scale ecological homogeneity of OTUs. (A) Habitat associations of the ten largest OTUs when clustering a comprehensive set
of publicly available full-length SSU sequences to 97% similarity using different methods. Pie chart area is proportional to OTU size, colors correspond
to habitat types. Total OTU counts are indicated on the right. 9.7% of publicly available sequences lacked habitat annotation, or were typed to
conflicting habitats, and were excluded from the analysis. Note that the OTUs shown are not generally identical across clustering methods, but
overlap in sequence composition. (B) Breaking down the ecologically inconsistent cluster ‘sl OTU 4’. In the presence of the full global dataset,
different methods cluster the 17,462 sequences in sl OTU 4 differently, mostly providing ecologically more homogeneous clusters. For every method,
Ecological Consistency of Operational Taxonomic Units
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than sl, albeit to lesser extent. Although all four methods also
generated several ecologically heterogenous OTUs, their overall
partitions appeared ecologically more homogenous than the single
ecologically inconsistent cluster generated by sl.
As another example, consider the largest sampling events
contributing to sl OTU 10 (Figure 2C). Clearly, this OTU
contained sequences from very distinct and unrelated ecological
contexts, not only on the level of broad habitat types (skin, soil,
etc.), but also at finer ecological resolution (e.g., different soil
types). Interestingly, this ecological heterogeneity corresponded to
a large internal SSU dissimilarity of this particular OTU: although
clustered to a nominal similarity threshold of 97%, we observed
that a large majority of pairwise similarities within sl OTU 10 were
actually below this threshold (as can be expected for an inclusive
clustering algorithm), at a mean internal similarity of 95.2% and
with individual pairs of sequences sharing as little as 86% SSU
similarity.
The above observations are mostly anecdotal: we considered
only a small selection of OTUs and elaborated on individual
examples. Nevertheless, this may help to illustrate two important
points that will be discussed more rigorously in the following
sections: (i) the tested methods clustered the same sequence dataset
very differently with respect to total OTU count, OTU size
distribution and OTU ecological homogeneity; (ii) with the
exception of sl, clusters were generally homogenous on a broad
ecological scale, considering e.g. that skin and gastric/intestinal
habitats are arguably more similar to each other than they are to
aquatic or soil habitats.
Global-scale ecological consistency of OTUs depends on
clustering method
To refine our above observations on general OTU ecological
homogeneity, we developed an Ecological Consistency Score (ECS, see
Methods). Adopting a global perspective rather than focusing on
individual examples, the ECS is a measure of ecological
consistency of entire OTU partitions, taking into account all the
clusters provided by a given clustering method. Moreover,
focusing on more fine-scale ecological associations than provided
by the broadly defined habitat types discussed above, the ECS
provides increased ecological resolution. High ECS values indicate
that ecologically similar organisms are clustered, more so than
expected by chance.
We tested cluster consistency with respect to four distinct
ecological signals: (i) 7,202 ecological terms (Figure 3A–C), which we
filtered from sequence annotations, provided detailed descriptions
of sampling context; (ii) 672 EnvO terms (Figure 3D), which we
filtered from annotation keywords using the EnvO ontology,
provided an alternative and curated hierarchy of ecological
descriptions; (iii) sampling site information (Figure 3E), for which we
considered whether a given OTU contained many sequences that
had been sampled from the same site; and (iv) host taxonomy
(Figure 3F), assuming that closely related host organisms generally
provide more similar environments than more distantly related
ones. We processed these signals independently, calculating an
ECS for a given OTU partition for each ecological signal.
We calculated the ECS for OTU sets obtained from clustering
our global set of roughly one million sequences to nominal
similarity thresholds of 80%–99% (92%–99% for al, see Text S1)
according to different methods: al, cl, sl, uclust and cd-hit (Figure 3
and Table S2). For all tested datasets, and over the entire range of
tested OTU set sizes, we observed similar trends in ecological
consistency (ECS from highest to lowest): cl, uclust, cd-hit/al and sl.
Over wide ranges of tested OTU counts, differences between
OTU definitions were statistically significant (one-sided t-test on
jackknifed estimate of ECS variability, p,,0.01). Jackknifed ECS
variability was low and constant for all tested datasets and OTU
set sizes (coefficient of variation, 0.06,cV,0.08).
We observed different and reproducible trends in ECS within
clustering methods. With increasing clustering stringency (increas-
ing similarity threshold, increasing number of total clusters), ECS
values monotonically decreased for cl, uclust and al, and for cd-hit in
the high-cutoff range. This general decrease in ecological
consistency might indicate that the rather broad ecological
descriptions aligned better with OTUs at lower nominal similarity
thresholds, while more closely defined OTUs (higher cluster
counts) were not equally well resolved on an ecological scale. In
contrast, we observed the opposite trend (decreasing ECS with
decreasing stringency) for sl, and to a lesser extent sometimes cd-hit,
at lower clustering thresholds. As sl is an inclusive algorithm (see
above), it tends to cluster sequences that share below-threshold
similarity. For example, in the previous section we pointed out ‘sl
OTU 10’, the 10th largest sl OTU when clustering to 97%
similarity, which clustered sequences sharing below-threshold
similarity (mean internal similarity of 95.2%, most dissimilar
sequence pair sharing 86% similarity). Since such lumping
behavior aggravates with decreasing clustering stringency, it may
explain the observed decrease in ecological consistency.
ECS differences between methods were more pronounced with
increasing levels of clustering: while at very high similarity
thresholds ($99%), partitions were similar and sometimes
indistinguishable on an ECS scale, differences of up to ,5-fold
between cl and sl were observed at lower sequence similarity levels.
At the frequently-used similarity threshold of 97%, ECS scores of cl
were between 10% and 20% higher than those of sl, depending on
the feature tested (Table S2). Cl also consistently showed the
highest ECS values when the set of SSU sequences was restricted to
those from completed sequenced genomes only (Figure S3).
Distinct ecological signals provided different levels of ECS
resolution: at higher OTU counts, keyword-based measures were
less distinctive on an ECS scale (ecological term consistency,
Figure 3A, and EnvO term consistency, Figure 3D), while
sampling site consistency separated OTU definitions better
(Figure 3E). Likewise, the archaeal sequence dataset (Figure 3B)
distinguished different OTU definitions better than the larger
bacterial (Figure 3A) and smaller eukaryal (3C) datasets. However,
the general trend was the same across all tested datasets, and
across all indicators of ecological consistency: complete linkage (cl)
generated ecologically more consistent OTUs than the other
methods; single linkage (sl) resulted in the lowest ECS values in all
tests; and the remaining methods fell into an intermediate range,
while uclust generally provided higher ecological consistency than
cd-hit and al which in turn were mostly indistinguishable from each
other.
Discussion
Ecological consistency of OTUs is a matter of perspective
Are SSU-based OTUs ecologically consistent? Our results
indicate that they are, to a large extent. We detected high levels of
ecological consistency both at broad ecological scale in individual
the ten largest clusters and the fraction of sequences they contain, as well as total OTU counts are shown. (C) Sampling events contributing to ‘sl OTU
10’. Geographic locations and isolation sources are shown for nine of the largest sampling events. Marker colors indicate habitat type.
doi:10.1371/journal.pcbi.1003594.g002
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examples (Figure 2) and at finer ecological scale for a global SSU
dataset (Figure 3). In contrast, Koeppel and Wu [13] recently
reported an ‘extensive ecological heterogeneity among OTUs’ for
very fine-scale habitat definitions of two model datasets of marine
Vibrio [5] and hot spring Synechococcus [38] communities. Thus,
OTU ecological consistency may in fact be a matter of perspective:
while OTU clustering may conflict with very high-resolution
ecological associations for specific environments, OTUs are
generally, though not perfectly, consistent on broader ecological
scales. Considering that OTU clustering is a phenomenological
approach to diversity analysis, the observed levels of ecological
consistency are remarkable: although OTU definitions are mostly
independent of underlying assumptions on microbial ecology, they
capture groupings of ecologically coherent organisms.
Figure 3. Global Ecological Consistency Scores of OTUs. (A) Ecological term consistency when clustering 887,870 bacterial full-length 16S
sequences according to different methods. ECS values (y-axis) describe how non-random the enrichment of ecological affiliations is in a given OTU set
(see main text). The total number of clusters including singletons (x-axis) provides for better comparability of methods than nominal clustering
thresholds; lower numbers of OTUs correspond to less stringent similarity cutoffs. Error bars indicate jackknifed estimates of ECS variability (see Text
S1). Data points for OTU sets clustered to 97% nominal sequence similarity are highlighted with a grey shade. The raw data are available in Table S2.
For the ecological term consistency when clustering 42,402 archaeal sequences (B), or 20,120 eukaryotic 18S sequences (C), as well as for the bacterial
dataset EnvO term consistency (D), sampling site consistency (E), and host taxonomy consistency (F), error bars are not drawn, but variability was in
the same range as for (A) (coefficients of variation, 0.06,cV,0.08).
doi:10.1371/journal.pcbi.1003594.g003
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Are the observed levels of ecological consistency sufficient for
OTUs to be useful in the ecological characterization of microbial
communities? Indeed, it is difficult to globally define appropriate
levels of required ecological consistency for ‘good’ units of
microbial diversity. This is largely due to the ecological plasticity of
microbial taxa at different levels of taxonomic and ecological
resolution: while broad-scale ecological coherence in general is
deeply rooted in phylogeny [34], several cases of wide ‘intra-
species’ ecological variation have been reported, e.g. within the
genera Bacillus [39] or Escherichia [40]. In other words, though
relatedness at family, order or even phylum level is often predictive
of a common broad ecological niche, very closely related lineages
frequently exhibit surprisingly wide ecological differentiation.
Another frequently cited criterion for biologically meaningful
basic diversity units is phylogenetic consistency. While Koeppel and
Wu recently reported ‘extensive and pronounced paraphyly and
polyphyly among OTUs’ when compared with the ecotype simulation
algorithm (which uses a phylogenetic tree as input, [13]), we found
surprisingly high levels of phylogenetic coherence of complete linkage
OTUs: with respect to a maximum likelihood tree of 42,024
archaeal sequences, .80% of all non-singleton OTUs at different
clustering thresholds were monophyletic (Text S2).
In general, conceptually more sophisticated algorithms to
demarcate OTUs such as ecotype simulation [4], CROP [41] or M-
Pick [42] may be suited for focused problems, but arguably suffer
from throughput problems due to high computational demands
(we were not able to execute any of them on our set of one million
sequences). On the other hand, impartial OTU clustering
conquers large and complex datasets rapidly, while still providing
reasonably high levels of ecological consistency. For in-depth
studies on broader ecological scopes, OTUs may thus provide
good approximations of ecologically coherent lineages.
How good is ‘good enough’? Ecological consistency and
cluster quality
While we found that OTUs are ecologically consistent in
general, there were significant differences between clustering
methods. Are these differential levels of ecological consistency
indicative of clustering quality? We have shown that an ecological
similarity signal, calculated based on contextual data alone,
corresponds to SSU similarity for a global, environmentally
heterogenous dataset, as well as for the well-defined human skin
microbiome dataset (Figure 1). Based on this observation, high
internal SSU similarity in microbial diversity clusters is expected to
correspond to high ecological consistency. In other words,
metadata-based ecological consistency can provide a non se-
quence-based, external measure of cluster quality. Moreover, it is
arguably useful to consider ecological consistency when evaluating
the quality of diversity units in the context of microbial ecology;
nevertheless, ecologically plastic diversity units should not be
considered inherently ‘wrong’, since ecological differentiation may
occur within groups of closely related organisms. The Ecological
Consistency Score casts these ideas into an objective framework; it is a
global measure of ecological consistency for entire partitions of
microbial diversity datasets. Several previous approaches to
assessing clustering quality relied on measures such as Normalized
Mutual Information or Variation of Information; these can be
problematic, as they are biased by variation in total cluster counts
and cluster size distributions [27]. Correcting for these effects, ECS
values are comparable between different diversity unit definitions.
Considering that our dataset provides a comprehensive survey
of microbial diversity, the observed differences in ecological
consistency have several interesting implications when interpreted
in terms of cluster quality. The tested methods implement different
assumptions on the fundamental organization of microbial
diversity. Conceptually, sl clustering is inclusive (guaranteeing that
all pairs of above-threshold similarity are clustered, tending to
provide fewer and large clusters), while cl, uclust and cd-hit are
exclusive (preventing any below-threshold pair from clustering and
thus tending to provide smaller and more compact clusters); al,
which focuses on average similarity, provides a balanced middle
ground. Our results indicate that exclusive clustering regimes, and
in particular cl, provide ecologically much more consistent
partitions than the inclusive regime of sl, and somewhat
surprisingly also than al. While exclusive and inclusive regimes
by definition may provide different partitions at the same nominal
similarity threshold in terms of cluster counts, sizes and
composition, ECS values correct for these effects, in particular
when compared across partitions of similar total cluster counts
rather than similar nominal sequence similarity. We note that the
most rigidly exclusive clustering regime, uclust, which at any given
threshold provided significantly more (and smaller) OTUs than all
other methods, did not provide the highest ECS values, probably
indicating an over-partitioning of ecologically homogenous clus-
ters.
One potential pitfall of our dataset is sampling bias: clearly, a
comprehensive survey of available SSU data will be ‘anthropo-
centric’, since in the past, sequencing efforts have been
disproportionally concentrated on the human microbiome; for
example, ‘skin’ was the overall most frequent ecological term in
the set, annotated to as many as 30% of all sequences. However,
the ECS framework corrects for potential impacts of this sampling
bias by providing the exact same input sequences for each tested
method, by using weighted background frequencies for every
ecological feature, and by randomizing partitions conservatively.
Indeed, our dataset meets many characteristics of reference
datasets for reference-based approaches to OTU demarcation, as
implemented e.g. in QIIME [16]. Such approaches rely on well-
defined, comprehensive and usually pre-clustered sets of reference
sequences that serve as a ‘backbone’ to guide the mapping and
OTU binning of novel reads. Consequently, the choice of
reference pre-clustering method can have a strong impact on
resulting reference-based picked OTUs; some of the most
commonly used reference sets, provided by the Greengenes [43]
and SILVA [44] databases, rely on uclust for pre-clustering. As
ecological consistency can be an important parameter to optimize
for in such globally applicable reference sets, our results may
inform the choice of pre-clustering method in such contexts.
Finally, as our findings pertain to global taxonomic and
ecological scopes, they are of potential interest for the ongoing
debate between taxonomic ‘lumpers’ and ‘splitters’ [45–47],
considering that exclusive clustering corresponds to ‘splitting’
regimes, while ‘lumping’ is inclusive.
When designing a workflow to analyze large sequence datasets,
informed choices of methods and parameters are needed at many
levels. For example, different denoising protocols, filters for
chimeric sequences and alignment methods have previously been
benchmarked and are not within the scope of our study. Here, we
have focused on sequence clustering into OTUs, and our results
may contribute to a more informed choice of clustering method
when studying microbial communities: of all tested methods,
complete linkage (cl) may provide the ecologically most consistent
partitions of large sequence datasets. Moreover, there are clearly
other aspects of clustering quality that we have not touched upon
here, such as robustness to the choice of sequenced SSU gene
subregion, portability across studies or the impact of dataset
context (does a given method cluster ‘rich’ and ‘sparse’ datasets
differently?). Nevertheless, ecological consistency is an important
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parameter to optimize for, in particular when later using OTUs
for the ecological characterization of microbial communities.
To our knowledge, our study provides the first benchmark for
SSU clustering methods that employs a signal external to both
taxonomy and sequence. As more and more environments become
available to in-depth ecological characterization, it will be
interesting to explore alternative paths towards adopting ecology
not only into species concepts, but also into definitions of microbial
diversity units. Indeed, our results suggest that ‘traditional’ OTU
clustering has yet an important role to play in this process.
Supporting Information
Figure S1 Pairwise sequence similarities within human
skinmicrobiome habitats.This figure contains un-smoothened
versions of the sequence similarity distributions shown in Figure 1B.
Pairwise internal sequence similarity distributions are shown for
every skin habitat from the HSM dataset. Background similarities
(indicated in grey) were calculated from 20 sets of 10,000 sequences
which were randomly drawn from the global set of bacterial 16S
sequences. All similarities were calculated using hpc-clust [33].
(PDF)
Figure S2 Sequence similarities within human skin
microbiome habitat types. Skin habitats were classified into
three types (‘moist’, ‘dry’, ‘sebaceous’) in the original publication by
Grice et al [37]. In the upper panel, this figure shows un-smoothened
versions of the sequence similarity distributions shown in the middle
panel of Figure 1B. Pairwise sequence similarities within habitat types
were plotted against similarities between sequences drawn from the
global background set (indicated in grey; see Figure S1).
(PDF)
Figure S3 Ecological consistency of OTUs from 4,485 16S
gene sequences from fully sequenced genomes. We
extracted 4,485 16S genes from fully sequenced genomes download-
ed from the RefSeq database [29] and clustered them into OTUs
according to different methods (see Methods section in the main text).
ECS values for all five tested methods are shown; partitions at 97%
nominal sequence similarity are highlighted with a grey shade.
(PDF)
Table S1 Sequence similarities within human skin
microbiome subsets. This table provides the main statistics
on sequence similarities for all tested HSM habitats, habitat types
and the global background set (Fig. 1B, S1, S2). The rightmost
column indicates the p value for a one-sided unpaired Mann-
Whitney-U-test of the type ‘internal sequence similarity within habitat X
is greater than background similarity’. To calculate internal similarities
for the different habitat types (indicated by a star, ‘*’), 10,000
sequences were randomly drawn from the full sets per habitat type.
(XLSX)
Table S2 Ecological term consistency of clustering
methods across similarity thresholds when clustering
887.870 bacterial sequences. 887.870 bacterial sequences
were clustered using the hierarchical clustering algorithms average
linkage, complete linkage and single linkage (implemented in hpc-clust,
[33]) and the heuristics uclust and cd-hit. An Ecological Consistency
Score (ECS) was calculated with respect to filtered ecological
annotation terms. The table reports total OTU counts and ECS
values (mean and jack-knifed standard deviation, see Methods in
main text); the data corresponds to that shown in Figure 3A in the
main text.
(XLSX)
Text S1 Supplementary Methods.
(PDF)
Text S2 Phylogenetic consistency of OTUs. For a global
dataset of 42,024 archaeal sequences, complete linkage OTUs were
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Supplementary material to manuscript 7.2
Text S1: Supplementary Methods.
This supplementary text is not reprinted here, as it contains information presented in more detail in section 5 (Methods) of this 
thesis.
Table S2: Ecological term consistency of clustering methods across similarity thresholds when clustering 
887.870 bacterial sequences.
887.870 bacterial sequences were clustered using the hierarchical clustering algorithms average linkage, complete linkage and 
single linkage (implemented in hpc-clust, [33]) and the heuristics uclust and cd-hit. An Ecological Consistency Score (ECS) was 
calculated with respect to filtered ecological annotation terms. The table reports total OTU counts and ECS values (mean and 
jack-knifed standard deviation, see Methods in main text); the data corresponds to that shown in Figure 3A in the main text.
Table S2 is a large data table and is not reprinted here.
It is available online (http://www.ploscompbiol.org/article/info%3Adoi%2F10.1371%2Fjournal.pcbi.1003594#s5).
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Text S2: Phylogenetic consistency of OTUs.
Phylogenetic consistency is a frequently cited criterion for biologically meaningful basic units of microbial diversity 
[1-3]. In this view, ‘good’ diversity unit definitions, complying with evolutionary theory, should provide clusters 
which are monophyletic, rather than paraphyletic or polyphyletic.
To assess the phylogenetic consistency of OTUs, we analyzed a global dataset of 42,024 near-full length archaeal 
16S sequences (see main text and Text S1). We generated a Maximum Likelihood tree assuming a generalized 
time-reversible (GTR) model using FastTree2 [4]. To this tree, we mapped OTUs obtained from complete 
linkage clustering to different similarity thresholds. As a measure of phylogenetic consistency, we calculated an 
OTU monophyly index with respect to the reference tree. We considered an individual OTU as ‘100% 
monophyletic’ if (i) all its members shared a single common ancestor, and (ii) no members of the same 
monophyletic group clustered with any other OTU. To account for different patterns of paraphyly or polyphyly 
in individual OTUs, we defined Panc as the most recent common ancestor of all sequences pertaining to that 
OTU. We then calculated ‘local monophyly’ of the focal OTU as the ratio of sequences belonging to the focal 
OTU (NOTU) relative to all sequences descending from the most recent common ancestor Panc (Ndesc) in an 
approach similar to Koeppel & Wu [5]. For example, an OTU containing 9 sequences which form a paraphyletic 
group with one additional sequence clustered to another OTU was considered ’90% monophyletic’. The overall 
monophyly index for an entire OTU set was then calculated as the average of the local monophyly of non-
singleton OTUs. Note that singleton OTUs (containing only one sequence) are monophyletic by definition, and 
were not considered when calculating average monophyly, but could locally break monophyly within larger 
OTUs.
We observed a monophyly index of around 80% for clustering thresholds ≥84% sequence similarity (see data 
table).  These levels of monophyly are remarkably high, in particular when considering that the reference tree 
itself is probably a close approximation, rather than perfect representation, of the ‘true’ phylogeny of the tested 




80 82 84 86 88 90 92 94 96 98 99
Total number
of clusters
589 745 958 1,200 1,525 1,973 2,644 3,677 5,381 9,160 13,685
Non-singleton
clusters
327 419 544 671 868 1,067 1,392 1,835 2,548 3,670 4,470
Monophyly
Index in %
73.1 74.7 80.4 79.7 80.4 80.6 80.3 81.1 82.1 81.3 80.1
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Figure S1: Pairwise sequence similarities within human skin microbiome habitats. This figure contains un-smoothened versions of 
the sequence similarity distributions shown in Figure 1B. Pairwise internal sequence similarity distributions are shown for every skin 
habitat from the HSM dataset. Background similarities (indicated in grey) were calculated from 20 sets of  10,000 sequences 
which were randomly drawn from the global set of bacterial 16S sequences. All similarities were calculated using hpc-clust [33].















































SEQUENCE SIMILARITY SEQUENCE SIMILARITY
background
Supplementary material to manuscript 7.2
77
Figure S2: Sequence similarities within human skin microbiome habitat types. Skin habitats were classified into three types (‘moist’, 
‘dry’, ‘sebaceous’) in the original publication by Grice et al [37]. In the upper panel,  this figure shows un-smoothened versions of 
the sequence similarity distributions shown in the middle panel of Figure 1B. Pairwise sequence similarities within habitat types 
were plotted against similarities between sequences drawn from the global background set (indicated in grey; see Figure S1).
Figure S3: Ecological consistency of OTUs from 4,485 16S gene sequences from fully sequenced genomes. We extracted 4,485 
16S genes from fully sequenced genomes downloaded from the RefSeq database [29] and clustered them into OTUs according 
to different methods (see Methods section in the main text). ECS values for all five tested methods are shown; partitions at 97% 
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Habitat Name Number of 
Sequences
Habitat Type Mean 16S 
Similarity
SD p valuevs global bg
background (global) 887870 % 0.7554 0.0575 %
dry (pooled) 19634* dry 0.7755 0.0853 << 10-16
moist (pooled) 42761* moist 0.7846 0.0854 << 10-16
sebaceous (pooled) 31140* sebaceous 0.8395 0.1125 << 10-16
volar forearm 10328 dry 0.7801 0.0901 << 10-16
elbow 1916 dry 0.7806 0.0934 << 10-16
hypothenar palm 3371 dry 0.7750 0.0859 << 10-16
buttock 4019 dry 0.7727 0.0807 << 10-16
antecubital fossa 10134 moist 0.7752 0.0848 << 10-16
popliteal fossa 3279 moist 0.7791 0.0851 << 10-16
interdigital web space 3080 moist 0.7747 0.0785 << 10-16
plantar heel 3413 moist 0.8039 0.1017 << 10-16
umbilicus 3737 moist 0.7783 0.0805 << 10-16
inguinal crease 3008 moist 0.8096 0.1032 << 10-16
gluteal crease 3054 moist 0.7912 0.0872 << 10-16
axillary vault 6804 moist 0.8040 0.0967 << 10-16
toe web space 3229 moist 0.8163 0.1057 << 10-16
occiput 7135 sebaceous 0.8267 0.1108 << 10-16
external auditory canal 4399 sebaceous 0.8271 0.1051 << 10-16
retroauricular crease 4208 sebaceous 0.8434 0.1095 << 10-16
manubrium 4035 sebaceous 0.8545 0.1215 << 10-16
nare 3023 moist 0.8748 0.0887 << 10-16
glabella 3496 sebaceous 0.8520 0.1038 << 10-16
alar crease 3417 sebaceous 0.8807 0.1131 << 10-16
back 4450 sebaceous 0.8845 0.1282 << 10-16
Table S1: Sequence similarities within human skin microbiome subsets. This table provides the main statistics on sequence 
similarities for all tested HSM habitats, habitat types and the global background set (Fig 1B, S1-S2). The rightmost column 
indicates the p value for a one-sided unpaired Mann-Whitney-U-test of the type ‘internal sequence similarity within habitat X is 
greater than background similarity’. To calculate internal similarities for the different habitat types (indicated by a star, ‘*’), 10,000 
sequences were randomly drawn from the full sets per habitat type.
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The intestinal microbiota features intricate metabolic
interactions involving the breakdown and reuse of
host- and diet-derived nutrients. The competition
for these resources can limit pathogen growth.
Nevertheless, some enteropathogenic bacteria can
invade this niche through mechanisms that remain
largely unclear. Using a mouse model for Salmonella
diarrhea and a transposon mutant screen, we
discovered that initial growth of Salmonella Typhi-
murium (S. Tm) in the unperturbed gut is powered
by S. Tm hyb hydrogenase, which facilitates con-
sumption of hydrogen (H2), a central intermediate of
microbiota metabolism. In competitive infection ex-
periments, a hyb mutant exhibited reduced growth
early in infection compared to wild-type S. Tm, but
these differences were lost upon antibiotic-mediated
disruption of the host microbiota. Additionally, intro-
ducing H2-consuming bacteria into the microbiota
interfered with hyb-dependent S. Tm growth. Thus,
H2 is an Achilles’ heel of microbiota metabolism
that can be subverted by pathogens and might offer
opportunities to prevent infection.
INTRODUCTION
The mammalian intestine is densely colonized by microorgan-
isms, collectively referred to as microbiota (Ley et al., 2008).
The microbiota feature a network of metabolic activities facili-
tating efficient breakdown of complex diet- and host-derived
carbohydrates to short-chain fatty acids (SCFAs), hydrogen
(H2), and carbon dioxide (Fischbach and Sonnenburg, 2011; Flint
et al., 2008). Microbial fermentation products are subsequently
consumed by crossfeeding secondary fermenters, absorbed
by the host, or released into the environment. Gut ecosystem in-
vasion is defined herein as the initial growth phase of a pathogen
(or any other newcomer) in the host’s intestine. At this stage, the
intestinal mucosa appears healthy, and the microbiota is (still)
intact and limits nutrient availability. This prohibits growth of
most newly arriving bacteria. Despite the scarce nutrient avail-
ability, enteropathogens can invade the gut ecosystem. Yet,
the factors enabling ‘‘gut ecosystem invasion’’ by enteropatho-
gens remain unclear.
The human food-borne pathogen Salmonella Typhimurium
(S. Tm), a causative agent of diarrhea, can grow up in this
nutrient-depleted environment to high numbers and cause dis-
ease. Animal experiments established that gut luminal pathogen
densities must rise to 107–108 cfu per gram of stool before enter-
opathy is elicited (Ackermann et al., 2008; Barthel et al., 2003). As
inoculum sizes as low as 103–105 bacteria suffice for causing
diarrheal disease in humans (Food and Agriculture Organization
of the United Nations, 2002), we speculated that S. Tm can grow
initially in the face of an intact microbiota and a healthy gut. The
mechanisms fostering S. Tm growth in this densely colonized
niche are still enigmatic. Suchmechanisms can be studied using
‘‘low complex microbiota’’ (LCM) mice, which are permissive for
gut luminal S. Tm growth (Figure S1A available online; Stecher
et al., 2010). LCM mice are ex-germ-free mice which had origi-
nally been colonizedwith strains of the ‘‘Altered Schaedler Flora’’
(Experimental Procedures, Figures S1A and S1E) and permit gut
luminal colonization by inocclum sizes as small as 200 colony-
forming units (Endt et al., 2010; Stecher et al., 2010). During
the first 2 days, there are no signs of enteropathy, and the path-
ogen grows up to 106–108 cfu/g stool (gut ecosystem invasion).
Mucosal inflammation is elicited at days 3–4 postinfection when
the pathogen reaches a final density of 108–1010 cfu/g stool
(Stecher and Hardt, 2011; Figure S1A). Thus, LCM mice should
provide a unique model for analyzing all phases of host gut colo-
nization, including gut ecosystem invasion.
RESULTS
Screening for S. Tm Mutants Impaired in Early Gut
Ecosystem Invasion
To identify S. Tm genes required for any stage of gut luminal
colonization, we performed an unbiased competitive infection
experiment. Specifically, we constructed a set of 500 S. Tm
transposon mutants (Badarinarayana et al., 2001) and infected
LCM mice via the orogastric route. The input pools were
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compared to mutant pools in the cecum lumen at day 4 after
infection using transposon-directed insertion-site sequencing
(TraDIS; Chaudhuri et al., 2013; van Opijnen and Camilli, 2013),
and mutations compromising gut-luminal colonization were
identified (six independent animals, two experiments; Figures
1A and S1B–S1E). Transposon insertions in 30 genes reduced
gut-luminal abundance of the mutant in all six mice and scored
with high confidence (p% 1.3 3 105; highlighted in red in Fig-
ure 1B; Table S1). Almost half of these identified genes were
involved in chemotaxis or in flagellar or LPS biosynthesis (Fig-
ure 1C). These are well-established S. Tm virulence factors
required for growth and survival in the inflamed gut (Allen-Vercoe
and Woodward, 1999; Chaudhuri et al., 2013; Craven, 1994; Ilg
et al., 2009; Stecher et al., 2008; Stecher et al., 2004). These
genes likely contribute to expansion/maintenance of the path-
ogen population at days 3 and 4 of the experiment and confirmed
the robustness of our experimental approach. We also identified
three genes involved in anaerobic energy metabolism (Fig-
ure 1C), frdA, the first gene of the operon encoding the fumarate
reductase complex, hybA and hybF. The latter two genes
encode subunits of a NiFe-hydrogenase known to consumemo-
lecular hydrogen as an electron source in anaerobic environ-
ments, thus powering microbial growth (‘‘energy conservation’’;
Figure S2A) (Lamichhane-Khadka et al., 2010; Maier et al., 2004;
Zbell et al., 2008). As H2 is produced by primary fermenters of the
microbiota (not the host; Fischbach and Sonnenburg, 2011; Flint
et al., 2008), this provided hints that S. Tm may capitalize on this
microbiota-derived metabolite during some stage of intestinal
colonization.
HydrogenConsumption byS. Tm IsOnly Required during
the Initial Phase of Gut Ecosystem Invasion
In order to verify the role of hydrogenases during gut infection,
we constructed site-directed mutants (Figure S2B; Supple-
mental Experimental Procedures). In competitive infections,
the hyb mutant (S. Tmhyb; hybBCAhypO, which lacks all struc-
tural genes of the hyb hydrogenase) displayed a pronounced
growth defect compared to the isogenic wild-type strain
(z100-fold; p < 0.05; Figure 2). This was corrobated by hyb
expression in the gut lumen (Figure S2D). Interestingly, the
growth defect of S. Tmhyb was restricted to the first day of the
experiment when pathogen loads were still low (%108 cfu/g
stool) and no signs of mucosal inflammation were observed (Fig-
ures 2B–2D). Thereafter, the competitive index did not drop any
further (Figure 2A). These data indicate that S. Tm requires hyb
only in the initial phase of gut ecosystem invasion, but not at later
stages of the infection, and that this initial stage (days 0–1) is
mechanistically distinct.
Figure 1. Signature-Tagged Mutagenesis-like Screen for S. Tm Genes Required for Gut Lumen Colonization In Vivo
(A) Experimental strategy: 500 randomly generated transposon (Tn) mutants were pooled, and six LCMmice were infected by gavage (Experimental Procedures;
Figures S1B–S1E). At day 4 p.i. mutant pools were isolated from the cecum lumen. Next-generation sequencing of transposon-flanking regions using the
Tn-encoded T7 promoter permitted identification of Tn insertion sites and of Tn insertions affecting pathogen fitness in the gut lumen.
(B) Statistical analysis of the mutant phenotypes. M/A plot showing the relative attenuation (log2 fold change in read counts between input and output pools) for
each Tnmutant plotted against the relative Tn insertion abundance (= average log2 counts permillion reads,multiplied by the normalized library size to account for
differences in the total number of reads sequenced in each sample). A large dot size represents a low false discovery rate (FDR). The 30 most attenuated mutants
containing the Tn insertion within a gene are highlighted in red (Table S1). This cutoff was reasonable, as several genes tested in earlier experiments with a C.I. of
0.8 < x < 1.2 displayed FDR values of 0.005–15.
(C) Functional classification of the 30 most-attenuated Tn insertion mutants.
See also Figure S1 and Table S1.
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Further experiments excluded major contributions of two
alternative H2-consuming hydrogenases encoded in the S. Tm
genome (Figure S2B; Supplemental Experimental Procedures).
Disrupting the two alternative hydrogenases yielded no defects
in gut ecosystem invasion, and the hydrogenase triple mutant
(S. Tmhyd3) displayed the same in vivo growth defect as did
S. Tmhyb (Figures S3A and S3B). Thus, while hyb is necessary
for robust pathogen growth in the host’s intestine, the other
two hydrogenases contribute little. This was further supported
by complementation (Figure S3B). Furthermore, the gut
ecosystem invasion defect of the hydrogenase mutant was in-
dependent of the inoculum size and also observed upon
gavage of 5 3 103 cfu (data not shown; standard inoculum
size = 5 3 107 cfu; Experimental Procedures). Finally, in vitro
experiments in anaerobic broth culture verified that the growth
defect of S. Tmhyd3 was only observed in the presence of H2,
but not in its absence (Figures S4A and S4B). In conclusion,
these data confirmed the pivotal importance of hyb for
H2-dependent S. Tm growth.
Our initial data suggested that the hyb hydrogenase may fuel
pathogen growth during gut ecosystem invasion, i.e., the first
24 hr p.i. (Figure 2A). At this stage the pathogen grows in the
face of the resident microbiota (which presumably still produces
H2) and overt inflammation is not yet triggered (Figures S1A and
2B–2D). To further substantiate the need for hydrogenases in
the noninflamed gut, we performed competition experiments
in the avirulent strain background. The isogenic S. Tm mutant
(S. Tmavir; DinvGDsseD; Supplemental Experimental Proce-
dures) colonizes the gut but remains ‘‘locked’’ in gut ecosystem
invasion phase of the infection, as it lacks two key virulence fac-
tors and therefore cannot elicit overt mucosal inflammation
(Hapfelmeier et al., 2005; Stecher et al., 2007). To this end,
we constructed a hydrogenase-deficient mutant in the S. Tmavir
background (S. Tmavir hyd3). First, we tested this strain’s capac-
ity to grow up in the gut of LCM mice. In competitive infections,
S. Tmavir hyd3 displayed a pronounced colonization defect on
day 1 p.i. but no further decrease from day 1 to day 4 p.i. (Fig-
ure 3). These results were strikingly similar to those obtained in
the wild-type S. Tm strain background (compare Figure 2A and
Figure 3A) and verified that hydrogenases are indeed only
required during gut ecosystem invasion, whether inflammation
is triggered or not. Accordingly, intravenous infection experi-
ments confirmed that hydrogenases are not needed for growth
at systemic sites (Figure S3C). This further supported the notion
that gut ecosystem invasion is a distinct step in host intestinal
colonization, which prepares the ground for subsequent stages
of the infection.
Microbiota-Derived H2 Is Responsible for the
Competitive Defect of S. Tm Hydrogenase Mutants
during Early Gut Invasion
Next, we addressed the role of the resident microbiota in
hyb-dependent gut ecosystem invasion. As the microbiota is
considered to be the source of all available H2, presence of
a H2 producing microbial community should be required
for hydrogen-dependent pathogen growth. To this end, we
measured H2 concentrations in freshly dissected ceca ex vivo
using a hydrogen microsensor (Experimental Procedures). In
germ-free mice lacking all associated microbiota, no H2 was
measurable in the cecum lumen (<2 mM, Figure 4A), and S.
Tmavir hyd3 did not display any competitive growth defect (Figures
4B, 4E, and 4F). In contrast, the cecum of LCM mice harbored
high levels of H2 (Figure 4A). This was strikingly similar to the
levels of H2 in the cecum of CONmice, which harbor a ‘‘normal,’’
complex microbiota (Figure 4A), as well as the large intestine of
humans and diverse animal species (Table S3). With a KM value
of the S. Tm hydrogenase activity of 2.1 mM (Maier et al., 2004),
these data verified microbiota-derived H2 as a possible energy
source during gut ecosystem invasion in vivo. Indeed, the
competitive growth defect ofS. Tmhyd3 in CONmicewas compa-
rable to that of LCMmice (Figure 4C and Figure 4D, left side; Fig-
ures 4E and 4F). As a complementary approach, we tested the
effect of antibiotic pretreatment, a procedure known to reduce
microbiota abundance by >10-fold, shift the microbiota compo-
sition, and increase metabolite availability in the large intestinal
lumen (e.g., carbohydrates like fucose and sialic acids, both ac-
cessed by S. Tm for intestinal expansion) (Ng et al., 2013; Willing
et al., 2011). This should alleviate the need for hyb-dependent
growth. Indeed, microbiota disruption by streptomycin pretreat-
ment abrogated the competitive growth defect of S. Tmhyd3 in
both LCM and CON mice (Figure 4C and Figure 4D, right side;
Figures 4E and 4F). Conversely, microbiota transplantation
from LCM mice to another gnotobiotic mouse model (VLCM
mice; yield just a small C.I. for S. Tmavir hyd3) reduced the coloni-
zation efficiency of S. Tmavir hyd3 in competitive infections (Fig-
ures S4C and S4D). Finally, we quantified the total gut luminal
population sizes achieved by a hydrogenase-deficient S. Tm
strain. In both LCM and CON mice, S. Tmavir hyd3 yielded signif-
icantly lower total intestinal Salmonella loads than the parental
strain (S. Tmavir; Figure 5). Collectively, these findings support
the pivotal role of microbiota-derived H2 during gut ecosystem
invasion by S. Tm.
Genes Encoding for H2-Producing Enzymes Are
Abundant in Microbial Gut Metagenomes
Metagenome analyses were performed to assess the potential
availability of H2 in different hosts. Microbial H2-metabolizing
pathways, which are essential for efficient fermentation, are
thought to rely on three classes of enzymes: NiFe-hydroge-
nases, FeFe-hydrogenases, and HmD-like enzymes (Schwartz
and Friedrich, 2006). Based on the presence of sequences for
one or more of these enzymes, all publically available gut meta-
genomes showed evidence for H2-generating pathways (Tables
1 and S4; Experimental Procedures). The same was true for the
cecal microbiota of the LCM mice studied here (MG-Rast
accession numbers 4535626.3 and 4535627.3). This was well
in line with published work on H2 levels measured in the intesti-
nal tract of animals and man (Table S3) and verified that H2 pro-
duction indeed represents a universal metabolic feature of the
complex microbiota (and our simplified LCM model). However,
the absolute H2 levels may vary depending on host species or
diet. Thus, the balance between H2 production (i.e., by primary
fermenters; Carbonero et al., 2012) and ‘‘H2-loss’’ by H2-
consuming species of the microbiota (e.g., the methanogens
like Methanobrevibacter smithii, the reductive acetogens like
Blautia hydrogenotrophica, and sulfate-reducing bacteria like
Desulfobacter spp. or Desulfovibrio spp.; Carbonero et al.,
2012), as well as by diffusion, blood-mediated transport, and
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Figure 2. S. Tm hyb-Hydrogenase Mutant Shows Defective Gut Ecosystem Invasion
(A) Mice were infected with 1:1 mixtures (5 3 107 cfu by gavage) of the hyb-hydrogenase mutant and the isogenic hydrogenase-proficient background strain
S. TmWT. Fecal loads of both strains were determined by plating and served to calculate of the competitive indices (C.I.s; Experimental Procedures). C.I.
experiments were performed in five naive LCM mice. ns, not significant (pR 0.05), **p < 0.01; Mann-Whitney U test.
(B) Lipocalin-2 ELISA monitoring the onset of inflammation during the course of the experiment. Box and whiskers plot: the box indicates first and third quartiles,
and whiskers denote minimal and maximal measurement readings.
(legend continued on next page)
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exhalation, may dictate the efficiency of gut ecosystem invasion
by incoming enteropathogens. As nutrition can affect gut micro-
biome richness and hydrogen availability (Cotillard et al., 2013;
Le Chatelier et al., 2013), infection risks may depend in part on
dietary habits.
Addition of an H2 Consumer Can Interfere with hyb-
Dependent S. Tm Growth
Due to their simplified species composition, the LCMmice offer a
unique opportunity to manipulate functional features of the
microbiota, e.g., by adding species or shifting the intestinal H2
balance. To this end, we precolonized LCM mice with an addi-
tional ‘‘H2 consumer,’’ S. Tm
avir (Figure 6A). Control mice were
precolonized with S. Tmavir hyd3, a S. Tm strain which cannot
consume hydrogen. In subsequent competive infection experi-
ments, hydrogenases proved to be of greater importance for
gut ecosystem invasion in the control mice than in the mice pre-
colonized with S. Tmavir (p < 0.05; S. Tmavir hyd3 versus S. Tmavir;
Figures 6B and S5). Thus, pathogen colonization could be
thwarted by introducing a H2 consumer. This further supported
the key role of H2 for the initiation of S. Tm infection.
DISCUSSION
Our findings establish gut ecosystem invasion as a critical step of
the orogastric S. Tm infection. During this initial phase of the
infection, pathogen growth in the gut relies at least in part onme-
tabolites provided by the microbiota. This differs markedly from
the interactions observed later (i.e., during expansion/mainte-
nance), when the host’s mucosal immune response fuels path-
ogen growth and suppresses the microbiota (Kaiser et al.,
2012; Winter et al., 2013). Thus, colonization of the host’s gut
comprises different phases featuring distinct sets of positive
and negative interactions. The interactions between the path-
ogen, the microbiota, and the host are clearly more complex
than previously anticipated.
Gut ecosystem invasion by S. Tm relies on H2. This is true for
mice harboring two different microbiotas of reduced complexity
(LCM mice used thoughout most of this study; VLCMmice used
in Figures S4C and S4D) or animals with a normal SPF micro-
biota, alike (Figures 4D–4F and 5B). In contrast, intravenous in-
fections did not yield any evidence for H2-dependent pathogen
growth at systemic sites (Figure S3C). At first sight, this seems
(C and D) Histopathological evaluation of HE-stained cecal sections (L, intestinal lumen; e, edema in submucosa) of these mice. The HE-stained cecal tissue for
day 1 p.i. was taken from the experiment shown in Figure S3A (1:1 infection with S. TmWT and S. Tmhyb). Scale bar, 100 mm. This demonstrated that mucosal
inflammation was elicited at days 3–4 postinfection, as confirmed by pathological scoring.
(E) The bacterial loads of S. TmWT (black symbols) and S. Tmhyb (red symbols) populations weremonitored in the feces during the course of the infection and in the
cecal content at the end of the experiment. These data verify the distinct colonization defect of S. Tmhyb during the first day of infection.
(F) Pathogen loads of S. TmWT (black symbols) and S. Tmhyb (red symbols) in systemic organs at day 4 p.i. *p < 0.05, one-tailed Wilcoxon matched pairs signed
rank test on paired data (dashed lines). Please note that the reduced loads of S. Tmhyb in lymph nodes, spleens, and livers were most likely attributable to the
reduced seeding from the intestinal lumen (which must have occurred after the initial hyb-dependent growth in the gut; see Figure S3C, below).
See also Figure S2 and Table S2.
Figure 3. S. Tm Only Profits from H2 during the Initial, Noninflammatory Phase of Gut Ecosystem Invasion
(A) C. I. experiments were performed in five naive LCMmice to test in vivo fitness of S. Tmavir hyd3. ns, not significant (pR 0.05), **p < 0.01; Mann-Whitney U test.
(B) Pathological scores of the cecal mucosa at day 4 p.i. Cecal tissue sections from the competitive infection experiment shown in (A) were stained with HE and
scored for inflammation.
(C) Fecal loads of S. Tmavir hyd3 and S. Tmavir at day 1 and day 4 p.i. were determined by differential plating. *p < 0.05, one-tailed Wilcoxon matched pairs signed
rank test on paired data (dashed lines).
See also Figure S3.
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to be in conflict with earlier work in the oral infection model for
typhoid fever (Maier et al., 2004). Upon oral infection, hydroge-
nase mutants of S. Typhimurium ATCC14028 failed to colonize
the livers and spleens. Our data may suggest that this attenua-
tion was attributable at least in part to defective growth in the
gut, before the bacteria had actually disseminated to systemic
sites. This hypothesis would be in line with hydrogenase expres-
sion of ATCC14028 in the murine ileum (Zbell et al., 2008). How-
ever, we cannot formally exclude that ATCC14028 differs from
the SL1344 strain used in our study in being capable of utilizing
H2 in liver and spleen. Such strain-specific differencesmay affect
the adaptation to new hosts. Clearly, S. Tm SL1344 requires H2
only for gut colonization, but not at systemic sites (Figure S3C).
This provides a striking example for a central intermediate of mi-
crobiota metabolism fuelling pathogen growth at a site occupied
by a dense commensal community. Due to the conserved nature
of the metabolic network of the gut microbiota, this metabolite
will likely be available in any host animal as well as in humans.
Thus, H2 could be regarded as an ‘‘Achilles’ heel’’ of microbiota
metabolism which can be exploited by S. Tm for gut ecosystem
invasion.
Molecular hydrogen might affect a number of enteric bacterial
infections. This is indicated by genetic evidence for hydrogen-
consuming hydrogenases, in vitro data demonstrating roles of
hydrogenases in energy conservation, metabolite uptake, and
acid resistance by various enteropathogens, including E. coli,
Shigella spp., Yersinia spp., and Campylobacter spp. (Lamich-
hane-Khadka et al., 2011; Lamichhane-Khadka et al., 2010;
Maier, 2005; Maier et al., 1996; McNorton andMaier, 2012; Zbell
et al., 2007; Zbell and Maier, 2009) (Table S2), and by
groundbreaking in vivo experimentation on Helicobacter pylori
(Maier, 2003; Olson and Maier, 2002). The latter requires an
Figure 4. Defective Gut Ecosystem Invasion by S. Tm Hydrogenase Mutants Is Linked to Microbiota-Derived H2
(A) H2 levels in the cecum lumen. H2 concentrations were measured at three different positions in the cecum and corrected for electrode crosssensitivity to H2S
(R3 mice per group) (Experimental Procedures). Box and whiskers plot: the box indicates first and third quartiles, and whiskers denote minimal and maximal
measurement readings.
(B) C.I. experiment of S. Tmavir hyd3 versus S. Tmavir in five germ-free mice (5 3 107 cfu by gavage; analysis at day 1 p.i.).
(C) C.I. experiment of S. Tmhyd3 versus S. TmWT in naive LCM mice or streptomycin pretreated animals (10/5 mice per group; 53 107 cfu by gavage; analysis at
day 1 p.i.).
(D) C.I. experiment of S. Tmhyd3 versus S. TmWT in naive CONmice or streptomycin pretreated animals (fivemice per group; 53 107 cfu by gavage; analysis at day
1 p.i.). ns, not significant (pR 0.05), **p < 0.01, ***p < 0.001; Mann-Whitney U test.
(E) Pathological scores of the cecal mucosa at day 1 p.i. Cecal tissue sections from the competitive infection experiment shown in (B)–(D) were stained with HE
and scored for inflammation.
(F) Bacterial loads of both competing strains at day 1 p.i. were determined by differential plating. ns, not significant (p > 0.05), *p < 0.05, ***p < 0.001; one-tailed
Wilcoxon matched pairs signed rank test on paired data (dashed lines).
See also Figure S4 and Table S3.
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uptake-type hydrogenase for H2-dependent colonization of the
murine stomach. Interestingly, the H2 measured at this site
was thought (though never shown) to derive from the large-intes-
tinal microbiota. In contrast to the large intestine, which features
microbiota densities of 1012 cfu/g stool, the stomach is typically
colonized by no more than 101 microbial cells per gram of con-
tent (Sommer and Ba¨ckhed, 2013). Thus, the high diffusibility
of H2 between different organ systems may explain how micro-
biota-derived H2 can be tapped not only by pathogens (like
S. Tm) growing among (and finally outcompeting) the microbiota
in the large intestine but also by pathogens colonizing sterile
(or almost sterile) sites.
The manipulation of essential metabolite availability may help
in preventing pathogen colonization. In fact, as common prac-
tice, broiler chicks are treated with attenuated Salmonella spp.
to reduce the incidence of pathogenic Salmonella spp. (Kerr
et al., 2013). It is tempting to speculate that this ‘‘competitive
exclusion’’ strategy is based at least in part on reduced local
availability of H2. As other enteropathogenic bacteria are also
equipped with hydrogenases, H2 exploitation may represent a
common strategy for colonizing the gut. The molecular under-
standing of the gut ecosystem invasion phase might reveal




All S. enterica serovar Typhimurium strains used in this study are derivatives of
the streptomycin-resistant wild-type strain SL1344 (SB300) (Hoiseth and
Stocker, 1981) (Supplemental Experimental Procedures). Deletions in the hy-
drogenase genes were constructed using the lambda/red homologous recom-
bination technique (Datsenko and Wanner, 2000). The genomic region to be
deleted was substituted by a cat cassette from pKD3 or aphT from pKD4. After
P22 phage transduction of the antibiotic resistance-substituted region into a
clean SB300 strain, the cassette was removed using pCP20 encoded flippase
(if indicated). For complementation of the S. Tmhyb mutation, the gene
SL1344_3112 encoding for a hypothetical protein was substituted by a cat
cassette using a lambda/red recombination approach. Substitution of
SL1344_3112 with an antibiotic resistance marker did not affect in vivo fitness
of the strain (data not shown). P22 phage transduction of the marker including
intact hybABChypO region into the mutant strain was performed to insert a
functional copy of the deleted genomic region into the mutant strain. All con-
structs were verified by PCR.
Animal Experiments
Animals: CON, LCM, and GF
All animals used in this study are C57BL/6 mice associated with different
types of microbiota. Conventional (CON) mice are mice from our in-house
colony at the Rodent Center HCI (RCHCI) (Zurich, Switzerland) under specified
opportunistic and pathogen-free conditions in individually ventilated cages.
LCM (low complex microbiota) mice are ex-germ-free mice which were
colonized with the members of the Altered Schaedler flora in 2007 (Stecher
et al., 2010) and ever since bred under strict hygienic isolation in a separate
breeding room. VLCM (very low complex microbiota) mice are bred at Max-
von-Pettenkofer Institute (Munich, Germany) and were generated by inocu-
lating germfree C57BL/6 mice with three strains of the Altered Schaedler flora
(ASF361, ASF457, and ASF519; Dewhirst et al., 1999) as pure culture. Germ-
free C57BL/6 mice were generously provided by the University Hospital Bern.
Each experiment was performed at least twice independently, and the data
were pooled.
Infection and Competitive Infection Experiments
Single-infection and coinfection experiments were performed in 8- to 12-
week-old mice with different composition of the microbiota. Mice were in-
fected as described previously (Barthel et al., 2003). Pretreatment with
20 mg streptomycin was only performed if indicated (i.e., Figures 4C and
4D, right panels; Figures 4E and 4F). For infection or colonization, bacteria
were grown for 12 hr in 0.3 M NaCl supplemented LB medium containing
the appropriate antibiotic(s), diluted 1:20, and subcultured for 4 hr in the
same medium without supplement of antibiotics. Mice were infected with
5 3 107 bacteria by gavage. Freshly collected fecal pellets were harvested,
and homogenized in PBS with steel balls in a tissue lyser (QIAGEN) for plating
(and frozen for lipocalin-2 ELISA analysis; inflammation marker). Differential
plating on MacConkey agar plates (Oxoid) supplemented with the appropriate
antibiotics (50 mg/mL streptomycin, 30 mg/mL kanamycin, 30 mg/mL chloram-
phenicol, 100 mg/mL ampicillin, 12 mg/mL tetracycline) allowed determination
of bacterial population size. The competitive index was calculated by dividing
the population size of the mutant strain by the population size of the corre-
sponding background strain. The result was corrected for the ratio of both
strains in the inoculum. For quantifying live bacterial loads in the organs,
mice were sacrificed by cervical dislocation at the indicated time point
(untreated, day 1 p.i., day 4 p.i.), and cecal content and mesenteric lymph no-
des were recovered. To determine bacterial loads in the mesenteric lymph
node, the whole node was homogenized in PBS (0.5% tergitol, 0.5% bovine
serum albumin). Minimal detectable values were 10 CFU/g in fecal and cecal
content and 10 CFU/organ in the mesenteric lymph node. Parts of the cecal
tissue were embedded in OCT (Sakura), and cryosections were prepared
and stained with hematoxiline/eosine for pathoscoring. Evaluating submuco-
sal edema, PMN infiltration, presence of goblet cells, and epithelial damage
yielded a total score of 0–13 points as described (Hapfelmeier et al., 2008).
Precolonization Experiments
Bacterial strains for precolonization (S. Tmavir, S. Tmavir hyb) were grown for
12 hr at 37C in LB supplemented with 0.3 M NaCl, diluted 1:20 into fresh
medium, and subcultured for 4 hr. Animals starved for 4 hr were inoculated
with 5 3 107 bacteria by gavage. Twenty-four hours later, fecal pellets were
collected to check for successful colonization by plating (R107 cfu/g feces),
and animals were infected with a 1:1 mixture of S. Tmavir and S. Tmavir hyd3.
Animals were sacrificed 24 hr later, and C.I.s were determined as described
above.
In Vivo Screening-type Experiment
Library Generation
The transposon mutant library in S. TmWT was generated as previously
described (Chan et al., 2005). Briefly, the suicide plasmid pJA1 (Badarinar-
ayana et al., 2001) was mobilized from E. coli SM10 lpir into SL1344 by conju-
gation for 6 hr in the presence of isopropyl-b-D-thiogalactopyranoside (IPTG)
without antibiotic selection. During this time, the plasmid-encoded Tn10 trans-
posase under control of an IPTG-inducible promoter is expressed. The mating
reaction was harvested, and dilutions were plated on agar containing
Figure 5. S. Tm avir hyd3 Is Impaired in Colonization of Naive LCM and
CON Mice
(A) Eight naive LCMmice or (B) seven naive CONmicewere infectedwith either
S. Tmavir or S. Tmavir hyd3 (5 3 107 cfu by gavage), and fecal loads were
determined at day 1 p.i. **p < 0.01, ***p < 0.001; Mann-Whitney U test.
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200 mg/ml streptomycin and 30 mg/ml kanamycin to select for transposon-con-
taining SL1344 bacteria. Single transposon insertion events per bacterial cells
were checked by Southern blot with a probe directed against the transposon
sequence (data not shown), and pools of 500 transposon mutants were
stocked in peptone (5% glycerol) at 80C.
Experimental Procedure
The screening-type experiment was adapted from the TraDIS (transposon dif-
ferential insertion site sequencing) approach which was described previously
(Chaudhuri et al., 2009, 2013). Six mice (two independent experiments of
three animals each) were infected with a mix containing the pool of 500 trans-
poson mutants and four wild-type isogenic tagged strains (WITS) (Grant et al.,
2008) spiked in at a dilution of 1:500 (5 3 107 cfu total in 50 ml PBS). The
spiked-in WITS strains contain a 40 nt barcode tag between the two pseudo-
genes malX and malY and allowed to check for random loss of subpopula-
tions during the in vivo selection. An aliquot of the inoculum was grown up
in LB broth (30 mg/ml kanamycin) and harvested as input pool. Animals
were sacrificed at day 4 after infection. Cecal content was harvested, homog-
enized, and cultured overnight in LB (30 mg/ml kanamycin) to isolate trans-
poson-containing output bacteria and in LB (12 mg/ml tetracycline) to isolate
WITS-tagged strains for WITS analysis. Genomic DNA was prepared from
input and output samples and fragmented, and RNA was amplified from
the gDNA fragments using T7 RNA polymerase. Preparation of 50 fragment
cDNA libraries for 454 Titanium sequencing on a Roche/454 GS FLX
sequencer (ca. 450 bp read length) was performed by vertis Biotechnologie
AG (Freising, Germany). Briefly, RNA samples were poly(A)-tailed using
poly(A) polymerase. An oligo(dT)-adaptor primer and M-MLV-H reverse tran-
scriptase was used for first-strand cDNA synthesis. cDNA was amplified with
PCR using primers directed to the flanking 50 transposon and 30 adaptor
primer sequences and a proofreading enzyme. The double-stranded cDNA
fragments then had a size of about 200–1,200 bp, were purified using the
Agencourt AMPure XP kit (Beckman Coulter Genomics), and were pooled
for sequencing.
WITS Analysis
Temporal dynamics of WITS strains during screening experiments were moni-
tored as described previously (Grant et al., 2008). In summary, WITS-tagged
bacteria were harvested from enrichment cultures from fecal samples at day
1 after infection or cecum content samples at day 4 postinfection by centrifu-
gation. Genomic bacterial DNA was extracted via the QIAGEN DNA mini kit,
and the relative numbers of the four different WITS were determined by real-
time PCR quantification using tag-specific primers.
Bioinformatic and Statistical Analysis of the 454 Sequencing Reads
The sequencing vendor provided reads split by barcode for the first
sequencing run and pooled reads for the second sequencing run. The pooled
sequences were split using a custom python script, using a perfect match
criterion to the barcode sequences required. Transposon sequences were
trimmed from the reads using Cutadapt version 1.1 (http://journal.embnet.
org/index.php/embnetjournal/article/view/200), with a maximum error rate of
10%. The transposon sequence was detected (at least 92% of the reads) in
each sample and removed. Untrimmed reads were discarded. Reads
were mapped to the SL1344 genome (GenBank entry FQ312003.1) with
Bowtie2 (http://www.nature.com/nmeth/journal/v9/n4/full/nmeth.1923.html)
version 2.0.0-beta6 using the –local parameter combination for local, gapped
alignment, and sorted and converted to bam format using Samtools (http://
bioinformatics.oxfordjournals.org/content/25/16/2078.short). Mapping start
sites were counted using pysam (http://code.google.com/p/pysam/). Mapped
reads starting within several nucleotides of each other were considered to
belong to the same transposon insertion site. For each run of contiguous
read start sites, the site with the highest coverage was chosen, and the total
read count was calculated as the sum of the countiguous reads. Differential
representation of the start sites between the input and output samples
was estimated using edgeR (http://www.ncbi.nlm.nih.gov/pmc/articles/
PMC2796818/), using the generalized linear model framework (http://www.
ncbi.nlm.nih.gov/pubmed/22287627) with tagwise dispersions. Counts per
million were summed across samples, and start sites with a summed count
equal to or less than 25 were excluded. The 30 most significantly attenuated
start sites located within operon reading frames were selected for further anal-
ysis. Start sites overlapping a gene were annotated.
Lipocalin-2 ELISA
Lipocalin-2 levels were detected in homogenized fecal samples by ELISA
using the DuoSet ELISA kit (R&D Systems).
Measurements of Cecal H2 Concentration Using Clarke-type
Microelectrodes
Hydrogen concentrations within the cecal lumen of mice with different micro-
biotas (CON, LCM, and GF) were measured using microsensors (Unisense,
Aarhus, Denmark). The hydrogen microsensor (H-50) with a tip diameter of
50 mmwas calibrated in water flushed with a gas mix containing 7% hydrogen
at 37C. This corresponds to a hydrogen concentration of 48.5 mM (Wiesen-
burg and Guinasso, 1979). Mice were sacrificed; ceca including ileum and
Table 1. Microbiota Metagenomes Show Evidence for H2-Producing Proteins
Hosts
FeFe Hydrogenase NiFe Hydrogenase Data Set Sample Size
Small Subunit PF02256 Large Subunit PF02906 Small Subunit PF14720 Large Subunit PF00374 Identifier Total
Termite + + – + Termite 165
Human + + + + MetaHit 124
+ + + + AgeGeo 111
Mouse – + – – Lean 1
– + – – Obese 1
+ + + + LCM 1
Dog + + – + K9C 6
+ + – – K9BP 6
Cow + + – + Heifer 6
Chicken – + – – A 1
+ + – – B 1
Metagenomes from six different species were analyzed for the presence of large and small subunit genes of FeFe- and NiFe-hydrogenases (Exper-
imental Procedures; for further details, see Table S4). NiFe-hydrogenases comprise both H2-consuming members and H2-producing members. In
contrast, the FeFe-hydrogenases generally produce (not consume) H2 under anaerobic conditions and are therefore an indicator for hydrogen produc-
tion within a microbial community (Schwartz and Friedrich, 2006). HmD-like enzymes were not considered, as they are only found in some methano-
genic archaea. MG-Rast IDs, 44427013 (termite), 4440285 (chicken cecum A), 4440286 (chicken cecum B), 4444164 (canine K9c), 4444165 (canine
K9bp), 4440463 (lean mouse), 4440464 (obese mouse), 4535626.3 and 4535627.3 (LCM mouse), 4448367.3 (cow), http://gutmeta.genomics.org.cn
(MetaHIT human gut metagenome study), and 4461119-4461229 (human gut metagenome, ‘‘AgeGeo’’ study). See also Table S4.
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large intestine were fixed onto a bottom layer of 2% agarose in a petri dish and
covered with top agar (45C, 2% agarose) to fix the intestine as described
(Schauer et al., 2012). A 26 G needle was used to pierce holes into the tissue
to facilitate the microsensor tip to penetrate into the cecal lumen. After solid-
ification of the top agar, the petri dish was transferred into a 37C water bath,
and microsensor profiles were taken at the prepierced positions. We
measured three different spots per cecum: one at the cecal tip, one in the mid-
cecum, and one at the opening toward small and large intestine. Please note
that the values obtained by this method might be a bit higher than the
steady-state levels in the gut of a living animal, as H2 production is in equilib-
rium not only with microbial H2 consumption but also with tissue diffusion,
blood-mediated transport, and loss in breath and flatus (Bond and Levitt,
1972; Cummings and Macfarlane, 1991; Levitt et al., 1987).
To exclude artifacts attributable to H2S, we performed measurements of
hydrogen sulfide in parallel in the samemice at the same spots. The H2Smicro-
sensor (H2S-50) with a tip size of 50 mm was calibrated using an anaerobically
prepared stock solution of S2 (0.01M). The final concentration of the stock
solution was determined photometrically as previously described (Siegel,
1965). The H2Smicrosensor detects the partial pressure of H2S gas, a compo-
nent of the total sulfide equilibrium system. At pH below 4, the equilibrium is
shifted in favor of the gas, and all sulfides exist as gaseous H2S. Therefore,
the stock solution was diluted with degased technical buffer pH 1. Calibration
values were taken at 37C by removing the rubber stopper from the diluted
calibration solutions (10 mM, 50 mM, and 200 mM), and the microsensor tip
was immersed into the solution. We measured a median of 170 mM for CON
mice, 63 mM for LCM mice, and 0 mM GF mice. Using these values, we cor-
rected the signals measured with the H2 microsensor for H2S interference
based on a crosssensititvity of 10% reported by the supplier (Unisense).
Metagenomic Analysis
DNA extraction of microbiota from murine feces of an LCM mouse of our
colony was performed in the same way as for 16S rRNA gene sequencing
(Supplemental Experimental Procedures). DNA library construction and
high-throughput sequencing of the LCM microbiota metagenome were per-
formed by BGI (Shenzhen, China) using Illumina’s Hiseq technology (91PE)
as previously decribed (Qin et al., 2010). The contigs were assembled using
velvet with a k-mer length of 29, and host genomic sequences were filtered
out using Bowtie2 and deposited as MG-Rast accession numbers
4535626.3 and 4535627.3.
Other sequences were retrieved from the public databases (Table 1). Nucle-
otide contig sets of themetagenomic data sets were procured fromMG-RAST.
These contig sets were prefiltered to remove the host genomic sequences. A
six-frame translation was carried out on each of the individual data sets to
identify any open reading frames coding for peptides longer than 30 amino
acids. Next, a set of four pfam models—PF00374, PF02256, PF14720, and
PF02906—was used for identifying homologs of hydrogenase subunits in
our data sets. The initial screening was performed using Hmmscan with an
value restriction of 0.0001, and these hits were reverse-screened against the
entire Pfam HMM database.
Statistical Analysis
The one-sided Wilcoxon matched-pairs signed rank test and the exact Mann-
Whitney U test were performed using the software Graphpad Prism Version
6.0 for Windows (GraphPad Software, http://www.graphpad.com). p values
of less than 0.05 (two-tailed) were considered as statistically significant. To
compare C.I.s to C.I. of inoculi, ratios of strain 1 and strain 2 were compared
to the ratio of both strains in the inoculum using an exact Mann-Whitney U test.
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Figure 6. Introducing a Hydrogen Consumer Interferes with hyb-Dependent Gut Ecosystem Invasion by S. Tm
(A) Experimental strategy.
(B) LCM mice were precolonized with the hydrogen consumer S. Tmavir (test) or a mutant incapable to consume hydrogen S. Tmavir hyd3 (control; 5 3 107 cfu by
gavage 1 day before infection). Plating verified the precolonization efficiency. Mice were infected with a 1:1 mixture of S. Tmavir and S. Tmavir hyd3 (53 107 cfu by
gavage; fivemice per group). C.I.s were determined at day 1 p.i. by differential plating of feces. **p < 0.01, Mann-Whitney U test. Asterisk denotes that strains with
distinct resistance markers were used for precolonization and for competitive infections.
See also Figure S5.
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8.2 List of abbreviations
16S 16S small subunit ribosomal RNA gene
al average linkage hierarchical clustering
AMI Adjusted Mutual Information
ARI Adjusted Rand Index
BER broad ecological range ‘local’ SSU dataset
Chao1 Chao1 community richness estimator
cl complete linkage hierarchical clustering
ECS Ecological Consistency Score
HCA hierarchical clustering algorithm
HMP human microbiome project
HSM human skin microbiome SSU dataset [51]
Jabd Jaccard index, abundance-corrected after Chao, 2004 [155]
MI mutual information
MH Morisita-Horn overlap index
MSA multiple sequence alignment
NMI Normalized Mutual Information
nt nucleotides (as a measure of sequence length)
OTU Operational Taxonomic Unit
PCR polymerase chain reaction
PSA pairwise sequence alignment
RDP Ribosomal Database Project
SDC Sørensen-Dice-Czechanowski index of community similarity
Shannon Shannon entropy, as index of community richness
sl single linkage hierarchical clustering
SLP single linkage pre-clustering
SSU small subunit ribosomal RNA gene
V23, V35 and V6 hyper-variable subregions 2-3, 3-5 and 6 of the SSU rRNA gene
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